POLITECNICO DI TORINO

Collegio di Ingegneria Gestionale e della Produzione
Corso di Laurea Magistrale in Management Engineering

Al in Higher Education: From Literature to a
Course-Anchored Chatbot

Supervisor Candidate

Prof.ssa Giulia Bruno Fabio Cianferoni

A.A 2024/2025






Sommario

SOIMIMATIO ...ttt ettt ettt e b e s e bt e bt e s ab e e bt e sateembeesabeenbeesseeeabeans 3
ADSTIACE. ...ttt ettt et b e ettt b et ea e b e et 6
Lo INEEOAUCTION ...ttt ettt ettt e s eaee 7
2. Theoretical background............ccccuieiiiiiiiiieeie e 10
2.1 Machine Learning: Concepts and Applications in Higher Education ....................... 11
2.2 Chatbots and Large Language Models (LLMs): Foundations and Educational Uses13
2.3 Personalized Learning and Intelligent Tutoring Systems (ITS) .......ccccevevvvevcreeennnnn. 14
2.4 Ethics of Artificial Intelligence in EQUCation ............cocevevviniiniiiiniinicicniecee 15
3. Research MethodOlOgY .......cccuiieiiiiiiiiieciieee et e e s 16
3.1 Overview of the Literature COTpPUS .......cccveeiieieiiieeiiie et e 16
4. Application of Al in Higher Education: Support for Students and Faculty ................. 22
4.1 Al Systems Supporting StUdEnts ............cccviiriiieeiieeeiie e 22
4.1.1 Cognitive Adaptation and Intelligent Tutoring Systems (ITS).................... 23
4.1.2 Affective and Motivational Engagement.....................cccccooiiiiiniiinniiinniennne 26
4.1.3 Personalization and Metacognitive Learning...................ccocccoovviiiniinnnnnnne 29
4.1.4 Synthesis and Emerging Insights....................ccooiiiiiiiiiii e, 32
4.2 Al Systems Supporting Faculty ..........cccceeiiiiiieiiiiiiieiecieeeeee e 34
4.2.1 Al for Assessment and Instructional Design ....................ccoociviiiniinnnnne 35
4.2.2 Al for Feedback, Supervision, and Student Interaction............................... 39
4.2.3 Faculty Development and Pedagogical Adaptation .....................cocceennenne 43
4.2.4 Synthesis: Faculty-Centered Al Ecosystems...............cccccccevviiiniiiiniiienieenne. 46

4.3 Al in Higher Education: Transformative Potentials, Emerging Risks, and Future
DIIECHIONS ...ttt ettt sttt et e a e bt et bt st et e bt e sbe et satesbeenaeenees 49
5. AMPS Chatbot Tool: Design and Evaluation ..............cccceevvvieeiiieniiieeieecie e 54
5.1 Materials, Corpus, and Knowledge Engineering...................cccccovviiieiiniiienennnen. 55
5.1.1 Scope and Nature of the COorpus..........cccveriieiieriieierieeeee e 56
5.1.2 Organization, Governance, and Traceability..........c.ccccccveeriieeiiiencieecie e 56
5.1.3 Document QUality CIItEIIa .....cccuverreuieeeiieeeiieeeteeeteeeriteeeireesaeeesaeeeseaeeessaeeeneees 57
5.1.4 The Glossary and the Brid@e-NOtEs ..........cceevieriieiieriiieiieeie e 57
5.1.5 Maintenance and Controlled Evolution ............cccccooiiiiiiiiininiiiecee 58
5.1.6 The Role of the Corpus in the Learning Experience..........cccccccveevcvveenveeenveeennee. 59
5.2 Architecture and Platform.................coooiiii 59
5.2.1 High-Level View: From Message to ReSponse..........ccccveeeveeirciieenieeeniee e 59
5.2.2 Platform COmMPONENLS.......cccviieriieeiiieeiieeeieeeeieeeeieeesteeesereeeeeeesseeesseeessseeenns 60
5.2.3 Repository Strategy: OneDrive (Test) vs SharePoint (Production)..................... 60
5.3 Prompt ENGINEEring ..........cccoiiiiiiiiiiiiiiie et 61



5.3.1 ROIE & SEYI .t ettt 63

5.3 2 Retrieval PLan ......cccuoiiiiiiiiiiiiic e 65
5.3.3 CRtationS TULES. .....eeiiieiiieiie ettt st st 68

5.4 Testing MethodolOo@y ...........cccooviiiiiiiiiiiiiiie et 69
ST TESE SEL ..ttt 70
5.4.2 KPIs and Rubric — Operational Definitions and Scoring Criteria..................... 71
5.4.3 Page Validation — Procedure and Criteria.........c.coovueeevienieeiieenieeieenieeieeeeeenn 73

S RESUILS ..ot 73
5.5.1 5C0T€ TaADLE.....coiieiiiii e 74
5.5.2 KPIs: Results and Acceptability Thresholds...........cccoeeieriiiiiiiniiiniiiiiiiiee, 76
5.5.3 Symbolic Examples for Response Evaluation .............cccocceeeiieniieiiieniienieennnnn, 78

5.6 Future DevelOpments...............ooooiiiiiiiiiiiiiice e 80

0. CONCIUSIONS ...ttt ettt ettt ettt b et satesbe et e st e s bt e besanenaeens 82
L3 10] FT0Tea 1)1 | 20T TUPRSO 85
W 0] 157116 USRS 91
APPENAIX A oottt ettt et ettt e ettt e e abe bt e e be e beeenbeenneeenbeeasaeensean 91
APPENAIX B oottt ettt e e be e e beeneeeneean 91

F N 0] 157116 1 ' USSP 92
APPENAIX D ettt ettt et et e naeeebeennaeenreas 96






Abstract

Artificial intelligence is reshaping higher education by enabling personalized support for
students and efficiency gains for faculty. Yet, meaningful adoption requires more than tech-
nology: it demands alignment with pedagogy, careful governance of data and sources, and
demonstrable educational value.

This thesis investigates how Al can support university-level teaching and learning along two
axes: student support and faculty support; then translates the resulting design principles into
a working, course-specific Al assistant for the Analysis and Management of Production Sys-
tems (AMPS) course.

A structured research methodology (Chapter 3) was applied to build the theoretical founda-
tion (Chapter 2) and the cross-case synthesis of applications (Chapter 4), drawing primarily
on Scopus-indexed literature with explicit inclusion/exclusion criteria and coding. These in-
sights informed the design of an AMPS Chatbot (Ch.5) developed in Microsoft 365 Copilot
Studio and grounded in a closed corpus. The assistant is constrained to: (i) answer only from
the provided corpus; (ii) preserve course notation and terminology; and (iii) produce stand-
ardized slide-file citations (page ranges on demand). A test methodology and KPI dashboard
assess accuracy, completeness, citation compliance, pages-on-demand behavior, style ad-
herence, and out-of-scope guardrails.

The prototype demonstrates that a closed-corpus, prompt-engineered assistant can deliver
pedagogically consistent explanations with robust traceability to official materials, offering
just-in-time support that complements instruction. KPI-based evaluation shows strong cita-
tion discipline and style adherence, solid correctness/coverage on in-scope questions, and
reliable refusal behavior on out-of-scope prompts, while highlighting improvement areas for

cross-module synthesis and page-precision in specific cases.



1. Introduction

In recent years, artificial intelligence (Al) has rapidly gained traction across various do-
mains, including healthcare, finance, and education. In the higher education sector, Al has
emerged as a disruptive force with the potential to redefine how teaching and learning pro-
cesses are designed, delivered, and evaluated. The integration of Al tools such as intelligent
tutoring systems, large language models (LLMs), automated grading platforms, and virtual
assistants is transforming traditional pedagogical paradigms and challenging the roles of
both instructors and students.

Several scholars have emphasized the dual nature of this transformation. On one hand, Al
can offer personalized learning paths, real-time feedback, and round-the-clock academic
support for students. On the other, it can alleviate instructors' workload by automating re-
petitive tasks such as grading, course design, and curriculum management. The growing
body of research highlights the promise of these tools in enhancing educational quality, en-
gagement, and operational efficiency.

Yet, this transformation is not without its complexities. Concerns around ethics, algorithmic
bias, data privacy, and the potential for educational dependency have raised critical questions
about how, when, and to what extent Al should be deployed in academic environments. Al
applications must be analyzed not only through the lens of technological innovation but also
with an understanding of pedagogical principles, institutional goals, and learner diversity.
Moreover, the rapid proliferation of Al tools requires a careful examination of their actual
utility in achieving educational outcomes. While many institutions are experimenting with
Al in isolated pilot projects, few studies provide a holistic view of long-term effectiveness,
scalability, or integration with existing academic frameworks. This gap underscores the im-
portance of conducting research that bridges theory and practice, with a focus on real-world

applications in higher education.



The thesis explores current applications and impacts of Al in higher education across two

complementary domains:

support for students (e.g., tutoring, targeted feedback, learning companions) and

(2) support for faculty (e.g., course preparation, assessment support, analytics).

It then operationalizes these insights by designing and evaluating a domain-anchored Al

assistant for a specific engineering course (AMPS), focusing on traceability, pedagogical

clarity, and governance. The structure of the document reflects the progression from foun-

dational theory to empirical analysis and conclusions:

Chapter 2 — Theoretical Background

Introduces the fundamental concepts of artificial intelligence relevant to higher edu-
cation, including machine learning, natural language processing, large language
models, and intelligent tutoring systems. It also discusses the ethical implications of
Al in academic contexts.

Chapter 3 — Research Methodology

Details the procedure used to source, screen, and synthesize the academic material
that underpins Ch.4 (with a focus on database selection, primarily Scopus, query de-
sign, inclusion/exclusion criteria, and coding scheme).

Chapter 4 — Application of Al in Higher Education: Support for Students and Fac-
ulty.

Discusses the two main application streams of Al: tools designed to assist students
with personalized and adaptive learning, and tools supporting instructors with teach-
ing tasks. Compares use cases for learners and instructors, extracting common design
principles (e.g., feedback timeliness, alignment with learning goals, assessment in-
tegrity) and risks, to inform subsequent design choices.

Chapter 5 — AMPS Chatbot Tool: Design and Evaluation



Presents a practical application: the design, implementation, and testing of a course-
specific conversational assistant built in Microsoft 365 Copilot Studio and grounded
in a closed corpus (slides, glossary, bridge-notes). It documents prompt engineering,
knowledge engineering, governance, a test protocol, and KPI-based evaluation.
Chapter 6 — Conclusions

Synthesizes findings, limitations, and future directions for institutional adoption and
for evolving the AMPS prototype (e.g., controlled exercise support, richer analytics,

and scaled governance).



2. Theoretical background

Artificial Intelligence (AI) stands among the most significant technological paradigms shap-
ing the 21% century, profoundly influencing not only industrial and communication systems
but also the evolution of educational environments. The term “Artificial Intelligence” was
first introduced by John McCarthy at the 1956 Dartmouth Conference, marking the begin-
ning of a new era in computational thought. However, the conceptual underpinnings of Al
extend further back, drawing upon foundational works by Alan Turing, who proposed the
idea of a “thinking machine,” and Vannevar Bush, who envisioned systems capable of aug-
menting human cognition (Zawacki-Richter et al., 2019). At its essence, Al encompasses the
development of computational systems capable of executing tasks that would normally re-
quire human intelligence, including perception, reasoning, decision-making, and natural lan-
guage understanding.

The historical trajectory of Al development can be categorized into four major phases. The
first period, between the 1950s and 1970s, was dominated by symbolic Al and rule-based
reasoning systems, commonly referred to as “expert systems.” These systems sought to en-
code human knowledge into logical structures but were hindered by their inflexibility and
inability to manage uncertainty or learn from data (Zawacki-Richter et al., 2019). The 1980s
and 1990s introduced a paradigm shift toward machine learning, emphasizing data-driven
methods and probabilistic modeling over rigid rule construction. Neural networks and
Bayesian inference began to replace deterministic logic, paving the way for algorithms ca-
pable of pattern recognition, speech processing, and predictive modeling. The 2000s and
2010s saw the explosive rise of deep learning and the convergence of big data with advanced
computational capabilities. Convolutional and recurrent neural networks enabled break-
throughs in image and language processing, while Al applications expanded across all sec-
tors of society (Minaee et al., 2025). In the most recent phase, beginning in the 2020s, gen-
erative Al has transformed Al from a tool of classification and prediction into one capable
of creative synthesis. Models such as OpenAI’s GPT-4 and Google’s Gemini exemplify this
evolution, capable of generating text, images, and code that approximate human creativity
(Belkina et al., 2025).

In the context of higher education, Al operates both as a field of inquiry and as a transform-
ative instrument. Universities increasingly integrate Al literacy into their curricula, prepar-

ing students to understand and apply intelligent systems, while simultaneously employing
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Al-driven tools to improve teaching and learning (Caccavale et al., 2024). Educational in-
stitutions use Al for adaptive feedback, automated grading, and personalized learning envi-
ronments, aligning with the broader paradigm of Education 4.0. This concept represents a
shift from traditional, teacher-centered instruction to a learner-centered approach that em-
phasizes interactivity, personalization, and continuous adaptation. Al systems now assist ed-
ucators by analyzing performance data, identifying knowledge gaps, and proposing person-
alized learning paths (Furman, 2024). In doing so, they support inclusive education and help
to bridge differences in students’ learning styles and abilities.

The most relevant subfields of Al for higher education include Machine Learning (ML),
Natural Language Processing (NLP), and Generative Al. Machine Learning provides the
foundation for predictive analytics, adaptive testing, and recommender systems, enabling
institutions to deliver content aligned with individual learning trajectories (Létourneau et al.,
2025). NLP facilitates communication between humans and computers, underpinning auto-
mated essay scoring, text summarization, and conversational chatbots that support academic
tasks (Guizani et al., 2025). Generative Al extends these applications further by creating
new educational materials, automating content production, and enabling virtual simulations
of expert dialogue (Caccavale et al., 2025). Collectively, these technologies form the basis
of Artificial Intelligence in Education (AIED), an interdisciplinary field combining com-
puter science, data analytics, and educational theory. AIED focuses on enhancing learning
effectiveness, accessibility, and ethical responsibility, emphasizing transparency and human

oversight as integral to trustworthy innovation (Zawacki-Richter et al., 2019).

2.1 Machine Learning: Concepts and Applications in Higher Ed-

ucation

Machine Learning (ML) serves as the computational backbone of Artificial Intelligence, en-
abling systems to learn autonomously from data and progressively refine their performance
without explicit programming. In higher education, ML plays a central role in developing
adaptive and predictive tools that transform instruction, assessment, and administrative pro-
cesses (Furman, 2024; Murtaza et al., 2025). The integration of ML into education supports
data-informed pedagogy, helping institutions shift from standardized teaching to dynamic,
evidence-based learning experiences.

The fundamental principle behind ML lies in its capacity to identify patterns and correlations

in data, adjusting algorithmic parameters to minimize prediction errors. Learning models
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can be broadly categorized into supervised, unsupervised, and reinforcement learning. Su-
pervised learning relies on labeled data to make predictions, for instance, forecasting student
performance or identifying those at risk of dropping out. Unsupervised learning, by contrast,
uncovers hidden relationships within unlabeled datasets, revealing clusters of students who
share behavioral or cognitive characteristics. Reinforcement learning employs a feedback-
driven process, optimizing decision-making through trial and reward, which has been par-
ticularly useful in gamified learning and adaptive assessment environments.

Among the most widely used ML algorithms in education are decision trees, neural net-
works, and Bayesian models. Decision trees map learning progressions, while neural net-
works capture complex nonlinear relationships between performance indicators and aca-
demic outcomes. Bayesian networks, often used in Intelligent Tutoring Systems (ITS), esti-
mate a student’s knowledge state and adapt instructional interventions accordingly (Létour-
neau et al., 2025). These algorithms collectively enable a granular understanding of learning
processes, supporting a shift toward personalized instruction.

The applications of ML in higher education are multifaceted. Adaptive learning platforms
use ML models to analyze student data in real time, adjusting content and pacing to align
with each learner’s needs. Predictive analytics allow institutions to identify students at risk
of failure early, enabling timely academic interventions (Belkina et al., 2025). Automated
assessment tools employ ML to evaluate essays and open-ended responses, providing in-
stantaneous, objective feedback while reducing instructors’ workload (Guizani et al., 2025).
Additionally, ML supports curriculum design and institutional analytics, offering insights
that improve program effectiveness and resource allocation (Furman, 2024). These capabil-
ities collectively contribute to Education 4.0 by enhancing efficiency, inclusivity, and evi-
dence-based decision-making.

Despite its potential, ML in education raises concerns regarding transparency, data privacy,
and bias. The “black box” nature of many models can obscure the reasoning behind algo-
rithmic decisions, while biased datasets may perpetuate inequities in learning outcomes
(Zawacki-Richter et al., 2019; Crompton & Burke, 2023). Ensuring fairness and accounta-
bility requires explainable Al approaches, diverse datasets, and continuous human oversight.
Moreover, ethical implementation must balance automation with empathy, ensuring that Al
augments rather than replaces the human aspects of teaching. Maintaining this balance is

crucial to preserving academic integrity and student trust.
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2.2 Chatbots and Large Language Models (LLMs): Foundations

and Educational Uses

The emergence of Large Language Models (LLMs) such as OpenAl’s GPT-4 and Google’s
Gemini marks a pivotal transformation in artificial intelligence, especially within educa-
tional settings. These models, based on transformer architectures, are trained on massive
textual corpora and are capable of generating coherent, contextually rich, and human-like
language (Minaee et al., 2025). LLMs have redefined how students and educators interact
with technology by enabling conversational agents that simulate tutoring, facilitate research,
and assist in academic writing.

Early chatbots like ELIZA (1966) relied on fixed rule-based responses, providing limited
interactivity. Later, retrieval-based chatbots improved slightly by matching predefined an-
swers to user queries. However, the advent of LLMs revolutionized this paradigm. Powered
by self-attention mechanisms (Zong et al., 2017), these models can analyze relationships
between words across entire sequences, allowing them to generate nuanced, contextually
appropriate responses. Reinforcement Learning from Human Feedback (RLHF) further re-
fines this capability, aligning outputs with educational relevance and ethical standards.

In academic contexts, LLM-based chatbots are deployed for personalized tutoring, adminis-
trative assistance, and research support. They can evaluate student input, identify miscon-
ceptions, and offer adaptive explanations, closely resembling one-on-one tutoring (Cacca-
vale et al., 2024). In STEM disciplines, LLM-driven systems enhance engagement by allow-
ing students to engage in simulations and reflective dialogue (Caccavale et al., 2025). More-
over, they facilitate accessibility by supporting multilingual and inclusive education, assist-
ing students from diverse linguistic and cultural backgrounds (Guizani et al., 2025; Yigci et
al., 2025).

LLMs are also powerful tools for fostering metacognition—the awareness of one’s learning
processes. Through interactive dialogue, chatbots encourage self-explanation and reflection,
promoting critical thinking (Longo et al., 2025). Their integration into higher education
aligns with frameworks such as Laurillard’s Conversational Framework and the SAMR
model, which conceptualize how technology mediates teaching and learning. When effec-
tively implemented, LLMs move beyond substitutional roles to redefine educational prac-
tices, enabling novel forms of adaptive and experiential learning (Belkina et al., 2025).

Nonetheless, challenges persist, particularly regarding plagiarism, over-reliance, and the risk
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of eroding human creativity. Addressing these issues requires responsible governance, clear

institutional policies, and continued educator involvement.

2.3 Personalized Learning and Intelligent Tutoring Systems

(ITS)

Personalized Learning Environments (PLEs) and Intelligent Tutoring Systems (ITSs) repre-
sent the most direct applications of Al in education, uniting cognitive psychology, data sci-
ence, and pedagogy to deliver tailored learning experiences. Personalized learning adapts
educational content, pace, and methodology to individual needs, while ITSs operationalize
this vision by simulating one-on-one human tutoring (Létourneau et al., 2025). Both para-
digms reflect the growing recognition that effective education depends on aligning instruc-
tion with learners’ unique characteristics.

ITSs are typically structured around four interdependent modules: the domain model, which
contains disciplinary knowledge; the student model, which tracks learning progress; the ped-
agogical model, which determines instructional strategies; and the user interface, which me-
diates human—system interaction. Through continuous monitoring and feedback loops, ITSs
can identify knowledge gaps, predict learner performance, and adjust difficulty in real time.
Modern ITSs leverage ML and NLP to interpret student responses, understand natural lan-
guage, and provide explanations dynamically (Caccavale et al., 2024). Reinforcement learn-
ing enhances adaptivity by refining instructional decisions based on learner outcomes. A
landmark example is ChatGMP, a domain-specific tutoring system developed at the Tech-
nical University of Denmark, which simulates expert interviews in chemical engineering and
demonstrates measurable improvements in engagement and comprehension (Caccavale et
al., 2025).

Empirical studies consistently validate the effectiveness of ITSs in improving retention and
problem-solving skills compared to traditional instruction. Meta-analyses show that adaptive
feedback and personalized sequencing significantly enhance learning outcomes (Furman,
2024; Létourneau et al., 2025). Importantly, the educational impact of ITSs depends on their
pedagogical grounding—systems that incorporate sound learning theory outperform those
that rely solely on technological innovation. The integration of conversational Al, particu-
larly LLMs, has advanced ITSs from static content delivery to interactive, dialogic learning
environments. However, ethical and technical challenges remain, especially concerning pri-

vacy, algorithmic bias, and over-reliance on automation. Scholars emphasize the necessity
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of hybrid models that retain human mentorship while leveraging Al for scalability and per-

sonalization (Zawacki-Richter et al., 2019).

2.4 Ethics of Artificial Intelligence in Education

As Al technologies permeate higher education, ethical governance becomes essential to en-
sure that innovation aligns with fundamental human values. The ethical dimension of Al
encompasses privacy, fairness, accountability, and transparency, all of which are critical in
maintaining trust between institutions and learners. International frameworks such as the
European Commission’s Guidelines for Trustworthy Al (2019), the OECD’s Principles on
Artificial Intelligence (2021), and UNESCO’s Recommendation on the Ethics of Al (2021)
emphasize these principles as cornerstones for responsible deployment (Zawacki-Richter et
al., 2019; Crompton & Burke, 2023).

Data privacy represents one of the most pressing ethical issues. Al-driven educational plat-
forms often collect extensive behavioral data to deliver personalization, raising questions
about consent, ownership, and surveillance (Caccavale et al., 2024). Under GDPR, institu-
tions must ensure transparency and provide students with control over their data. Equally
important is addressing algorithmic bias, which can reproduce existing inequalities if train-
ing data are unrepresentative. Bias mitigation strategies, such as inclusive dataset design and
continuous auditing, are vital for promoting fairness (Belkina et al., 2025).

Transparency and explainability are crucial to ethical implementation. Many Al models,
particularly deep learning systems, operate as opaque “black boxes,” limiting user under-
standing. Explainable Al (XAI) offers a solution by making algorithmic reasoning interpret-
able for educators and learners, enhancing accountability (Guizani et al., 2025; Yigci et al.,
2025). The issue of academic integrity also arises with the advent of generative Al, which
challenges traditional notions of authorship and originality. Institutions are adapting by em-
phasizing process-based assessment and fostering Al literacy, encouraging students to use
Al as a collaborative tool rather than a substitute for intellectual effort (Longo et al., 2025).
Finally, accountability and human oversight remain indispensable. Even as Al systems as-
sume greater autonomy in decision-making, ultimate responsibility must rest with educators
and institutions. The human-in-the-loop paradigm ensures that AI complements, rather than
replaces, human judgment (Caccavale et al., 2025). Ethical Al in education thus requires a
balance between technological efficiency and humanistic values, ensuring that digital trans-

formation enhances rather than diminishes the essence of learning.
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3. Research Methodology

To identify the most relevant scientific contributions, a systematic literature search was con-
ducted on the Scopus and Google Scholar databases using the keywords “Higher Educa-
tion”, “Artificial Intelligence” and “Engineering Education”: this query initially returned
174 papers. After the initial retrieval, duplicate records across the two databases were iden-
tified and removed to ensure the uniqueness of each contribution.

During the first screening, papers were assessed based on title, abstract and keywords, while
in the second phase a full-text evaluation was carried out. The first exclusion criterion (1%
EC) referred to papers whose content was not aligned with the research scope, whereas the
second exclusion criterion (2™ EC) concerned papers that were not accessible or not written
in English. Following this process, 41 papers were finally selected for detailed analysis.
The complete paper selection process is visually summarized in Figure 1, which illustrates

the progressive exclusion of papers and the number of studies retained at each step.

Search within SCOPUS
ePapers =174

Removal of duplicates
¢ Duplicates =52

Paper Selection (Step 1): Based on title,
abstract and keywords assessment

e Excluded papers =62 (1st EC =47, 2nd EC = 15)

Paper Selection (Step 2): Based on full-text
assessment

eExcluded Papers = 19 (1st EC = 19)

Data analysis and information extraction strategy
eSelected papers = 41

Figure 1, Literature review methodology

3.1 Overview of the Literature Corpus

Ref.  Authors (Real) Year Title Main Topic / Focus
No.
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Role of Artificial Intelligence Tools
in Enhancing Students’ Educational
Performance at Higher Levels

Subject-Specialized Chatbot in
Higher Education as a Tutor for Au-
tonomous Exam Preparation

The Effectiveness of Artificial In-
telligence (AI) on Daily Educa-
tional Activities of Undergraduates
in a Modern and Diversified Uni-
versity Environment

The Role and Impact of ChatGPT in
Educational Practices: Insights
from an Australian Higher Educa-
tion Case Study

Using GenAl in Education: The
Case for Critical Thinking

Enhancing Information Technol-
ogy Governance in Universities: A
Smart Chatbot System based on In-
formation Technology Infrastruc-
ture Library (ITIL)

Al-Based  Chatbots  Adoption
Model for Higher-Education Insti-
tutions: A Hybrid PLS-SEM-Neu-
ral Network Modelling Approach
Artificial Intelligence Bringing Im-
provements to Adaptive Learning
in Education: A Case Study

Educational Technology in the Uni-
versity: A Comprehensive Look at
the Role of a Professor and Artifi-
cial Intelligence

Exploration of Artificial Intelli-
gence (AI) Application in Higher
Education: A Research Study in
Kolaka, Southeast Sulawesi
GPTutor: A Generative Al-pow-
ered Intelligent Tutoring System to
Support Interactive Learning with
Knowledge-Grounded  Question
Answering

Key Factors Influencing Preservice
Chinese Teachers’ Willingness for
Implementing Al Applications in
Higher Education

Roles and Research Trends of Arti-
ficial Intelligence in Higher Educa-
tion: A Systematic Review of the
Top 50 Most-Cited Articles
Configuring and Monitoring Stu-
dents’ Interactions with Generative
Al Tools: Supporting Teacher Au-
tonomy

Transforming Higher Education in
the Era of AI Chat Tools: A Case
Study

Tutor CoPilot: A Human—AI Ap-
proach for Scaling Real-Time Ex-
pertise

Empirical analysis of Al tools
improving students’ academic
performance and skill develop-
ment.

Studies Al-based tutoring chat-
bot for self-regulated exam prep-
aration and performance im-
provement.

Examines AI’s effectiveness in
daily academic activities and en-
gagement among undergradu-
ates.

Qualitative analysis of
ChatGPT’s role in teaching,
learning, and academic support.

Theoretical discussion on foster-
ing critical thinking and Al liter-
acy through GenAl use.
Describes an Al-based ITIL
chatbot that automates adminis-
trative support and optimizes in-
stitutional governance in univer-
sities.

Develops and validates an hy-
brid model explaining institu-
tional adoption of Al chatbots in
higher education.

Presents a European case study
showing how Al analytics im-
proved adaptive learning and in-
stitutional performance.
Investigates faculty adaptation
to Al tools and redefinition of
the professor’s role in Al-medi-
ated teaching.

Explores adoption and percep-
tions of Al applications among
university instructors in Indone-
sia.

Describes the development of
GPTutor, an Al system that en-
hances interactive learning
through adaptive knowledge-
grounded dialogue.

Empirical analysis identifying
determinants of teachers’ readi-
ness to integrate Al tools into
higher education.

Systematic review mapping Al
research trends, pedagogical
roles, and challenges in higher
education.

Examines teacher autonomy in
supervising and regulating Al—
student interactions through
middleware platforms.

Case study exploring institu-
tional and pedagogical transfor-
mation following AI chat tool
adoption.

Presents an hybrid Al-human tu-
toring model that enhances in-
structional feedback and teacher
efficiency.
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31 Si Xu, Pengfei Chen, Ge 2024 Exploring Chinese University Edu- = Quantitative study on faculty ac-

Zhang cators’ Acceptance and Intentionto = ceptance of Al tools in Chinese
Use Al Tools: An Application of universities, applying UTAUT2
the UTAUT2 Model framework.

32 M. Sullivan, A. Kelly, P. | 2023 ' ChatGPT in Higher Education: = Examines challenges of aca-
McLaughlan Considerations for Academic Integ- = demic integrity and opportuni-

rity and Student Learning ties for learning enhancement
through ChatGPT in higher edu-
cation.

33 T. Susnjak, T.R. McIntosh 2024 = ChatGPT: The End of Online Exam | Analyzes ChatGPT’s impact on
Integrity? online assessment integrity and

explores new approaches for fair
evaluation.

34 C.K.Y. Chan, W. Hu 2023 | Students’ Voices on Generative Al: = Collects student perspectives on
Perceptions, Benefits, and Chal- the pedagogical, ethical, and
lenges in Higher Education motivational ~dimensions of

GenAl use.

35 X. Deng, K.D. Joshi 2024  Promoting Ethical Use of Genera- Discusses strategies for cultivat-

tive Al in Education ing ethical awareness, transpar-
ency, and accountability in Al-
based learning.

36 S. Filippi, B. Motyl 2024  Large Language Models (LLMs) in | Provides practical guidelines for
Engineering Education: A System- = implementing LLMs in engi-
atic Review and Suggestions for = neering education while main-
Practical Adoption taining academic integrity.

37 S. Gulyamov 2024 The Impact of Artificial Intelli- = Analyzes AI’s transformative
gence on Higher Education and the = effects on educational econom-
Economics of Information Tech- ics and institutional productiv-
nology ity.

38 J. Dempere, K. Modugu, A. | 2023 = The Impact of ChatGPT on Higher | Explores implications of

Hesham, L.K. Ramasamy Education ChatGPT for assessment, teach-
ing methods, and curriculum de-
sign in higher education.

39 L. Furze, M. Perkins, J. Roe, = 2024 The AI Assessment Scale (AIAS) Introduces and tests a frame-
J. MacVaugh in Action: A Pilot Implementation = work (AIAS) for ethical and

of GenAI-Supported Assessment transparent Al-supported stu-
dent assessment.

40 V. Okulich-Kazarin, A. | 2024 Sustainability of Higher Education: | Surveys student attitudes on the
Artyukhov, L. Skowron, N. Study of Student Opinions about = substitution of human educators
Artyukhova, O. Dluhopol- the Possibility of Replacing Teach- = with Al systems, highlighting
skyi, W. Cwynar ers with Al Technologies ethical and pedagogical limits.

41 M. Usher, M. Barak 2024  Unpacking the Role of Al Ethics in = Examines how Al ethics can be

Online Education for Science and
Engineering Students

Tabella 1, Studies Included in the Literature Review

embedded into online education
for STEM disciplines.

The corpus of studies summarized in 7able I comprises peer-reviewed research published
between 2022 and 2025, reflecting the accelerating integration of Al in higher education.
The 41 selected articles include empirical investigations, theoretical analyses, and system-
atic reviews that collectively capture the pedagogical, cognitive, and ethical implications of
Al tools across diverse educational contexts. Collectively, they illustrate the transition from
technology-assisted instruction toward human—AlI co-agency in learning and teaching.

A thematic analysis of this literature reveals three major clusters of inquiry.
The first cluster — Al for student learning and engagement — includes studies focusing
on cognitive adaptability, motivation, and metacognitive self-regulation. Research on adap-

tive tutoring and personalized learning environments (e.g., Baillifard et al., 2023; Yang et
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al., 2024; Velazquez-Garcia et al., 2024) highlights how Al enhances comprehension and
persistence by dynamically adjusting feedback and task difficulty to learners’ profiles. Com-
plementary investigations on gamified learning (Sanchez-Vera, 2025; Fazil et al., 2024)
show that emotional engagement and motivation are sustained through challenge-reward
dynamics. Moreover, studies like Khodadad (2025) and Li et al. (2025) indicate that when
Al fosters reflection rather than automation, it strengthens metacognitive awareness — a key
determinant of learner autonomy and deep learning.

The second cluster — Al for faculty practice and institutional transformation — encom-
passes studies exploring how Al reshapes teaching roles, assessment, and instructional de-
sign. Research such as Shin et al. (2024), Demartini et al. (2024), and Ortega-Arranz et al.
(2025) illustrates how Al-driven analytics and feedback systems empower instructors to
identify learning bottlenecks, personalize supervision, and maintain academic oversight
within automated environments. Other contributions (Ahriz et al., 2024; Xu et al., 2024)
reveal how automation of administrative and evaluative tasks supports faculty autonomy by
reducing workload and enabling more reflective engagement with students. These works
collectively redefine the faculty role from knowledge transmitter to pedagogical designer —
curating, moderating, and interpreting algorithmic feedback.

The third cluster — Ethical, epistemic, and governance perspectives — addresses the
moral and institutional challenges emerging from Al adoption. Studies by Sullivan et al.
(2023), Susnjak & Mclntosh (2024), and Deng & Joshi (2024) examine how generative Al
reconfigures notions of authorship, integrity, and accountability, urging a shift from punitive
control to ethical literacy. Complementary investigations (Lee & Low, 2024; Usher & Barak,
2024; Gulyamov, 2024) emphasize the importance of transparency, fairness, and human
oversight in algorithmic decision-making. Across these works, Al literacy emerges as a
foundational competence for both students and educators, ensuring critical engagement ra-
ther than uncritical reliance on generative systems.

When examined collectively, these clusters reveal a coherent pedagogical trajectory: Al is
evolving from a tool for efficiency to an agent of cognitive and metacognitive transfor-
mation. The literature converges on the idea that meaningful integration depends on balanc-
ing automation with reflection, personalization with autonomy, and innovation with ethical
responsibility. Yet significant research gaps remain — particularly the need for longitudinal
and context-specific studies exploring how Al fosters reflective learning and ethical aware-

ness in real educational settings.

20



These gaps provide the foundation for the subsequent empirical investigation presented in
Chapter 5, which operationalizes the insights from the reviewed literature through the design
and evaluation of a course-specific Al chatbot aimed at promoting autonomous and meta-

cognitive learning in higher education.
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4. Application of Al in Higher Education: Support for Students
and Faculty

This chapter presents the results of the systematic literature review introduced in the previ-
ous section. Building on the methodological framework outlined in Chapter 3, the analysis
synthesizes empirical and theoretical contributions concerning the integration of Artificial
Intelligence in higher education. The selected studies were examined through a thematic and
comparative lens, focusing on how Al technologies support both students and faculty across
three interrelated dimensions of learning and teaching: cognitive, affective and metacogni-
tive.

The chapter is structured in two main parts. The first (Section 4.1) explores how Al systems
enhance student learning, motivation, and self-regulation through intelligent tutoring, adap-
tive personalization, and gamified engagement. The second (Section 4.2) shifts perspective
to faculty, investigating how Al tools reshape instructional design, feedback, supervision,
and professional development. Each section concludes with a synthesis highlighting cross-
cutting tensions and pedagogical implications, such as the balance between automation and
reflection or efficiency and depth of understanding.
Finally, Section 4.3 integrates these findings into a comprehensive discussion, identifying
the empirical, theoretical and ethical gaps that persist in current scholarship. These in-
sights lay the groundwork for the following chapter, which translates the literature’s con-
ceptual outcomes into practice through the design and implementation of a domain-specific

Al system developed for higher education.
4.1 AI Systems Supporting Students

The first part of this chapter examines how Al systems support students in higher education,
focusing on their role as cognitive, affective, and metacognitive mediators of learning. Fol-
lowing the analytical framework established in the research methodology, this section syn-
thesizes evidence from recent studies that investigate how Al tools enhance student learning,
engagement, and self-regulation. The reviewed literature converges on the idea that Al no
longer acts as a static technological aid but as an interactive learning partner—a system
capable of adapting to learners’ cognitive states, emotional needs, and reflective processes.
By exploring the evolution from Intelligent Tutoring Systems (ITS) to personalized and af-

fective learning environments, the section highlights how Al can scaffold understanding,
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sustain motivation, and cultivate autonomy when grounded in sound pedagogical design.
Accordingly, the discussion unfolds across three interconnected dimensions: (1) cognitive
adaptation and intelligent tutoring systems, which illustrate AI’s capacity to deliver adaptive
instruction and feedback; (2) affective and motivational engagement, which analyzes how
Al fosters emotional involvement and persistence; and (3) personalization and metacogni-
tive learning, which examines how adaptive algorithms promote reflection, self-regulation,
and agency. Together, these subsections trace the progressive shift from automation to co-
agency, showing that AI’s educational potential depends not only on technological sophisti-

cation but on its alignment with human learning values.
4.1.1 Cognitive Adaptation and Intelligent Tutoring Systems (ITS)

The rapid integration of artificial intelligence (Al) in higher education has fundamentally
transformed how students interact with knowledge, construct understanding, and develop
academic autonomy. Early digital learning systems such as Learning Management Systems
(LMS) or rule-based tutoring programs provided mainly administrative and structural sup-
port. By contrast, contemporary Al-driven platforms function as cognitive companions, ca-
pable of dynamically adapting to students’ learning trajectories and providing real-time scaf-
folding of reasoning and reflection (Nikolopoulou, 2024). The emergence of generative Al
and large language models (LLMs) — such as ChatGPT, Claude, and Gemini — has ex-
panded these capabilities, enabling adaptive dialogue, personalized explanations, and dy-
namic assessment. These systems no longer act as passive tools but as interactive collabo-
rators in the learning process, co-constructing knowledge alongside the learner. As Zhao et
al. (2024) argue, Al enhances both cognitive and metacognitive dimensions of learning, op-
timizing performance across academic ecosystems. Similarly, Moller et al. (2024) define Al
as a “learning accelerator”, capable of promoting adaptive instruction and self-paced ex-

ploration.

At the center of this transformation stand Intelligent Tutoring Systems (ITS), among the
most pedagogically significant applications of Al. These systems combine cognitive psy-
chology, learning theory, and computational modeling to provide adaptive instruction tai-
lored to individual learners. By employing machine learning, natural language processing,
and knowledge-tracing algorithms, ITS can deliver personalized feedback and continuously

recalibrate task difficulty based on learner performance. Their convergence with generative
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Al has given rise to a new generation of adaptive, conversational, and knowledge-grounded
systems capable of human-like interaction with analytic precision. The theoretical premise
of ITS lies in the operationalization of learning theories through computational means: Bail-
lifard et al.’s (2023) Personal Al Tutor reflects cognitive constructivism by promoting
knowledge reconstruction through adaptive challenge and retrieval practice; Yang et al.’s
(2024) PyTutor aligns with behaviorist reinforcement, employing immediate feedback to
condition accurate problem-solving behavior; and Lui ef al.’s (2024) GPTutor embodies so-
cio-constructivist dialogue, leveraging retrieval-augmented generation to ensure contextual
accuracy. These approaches show that Al tutoring is a continuous process, ranging from
adaptive reinforcement to dialogic knowledge-building, each with a different epistemologi-

cal stance.

The pedagogical significance of ITS resides in their ability to translate theoretical constructs
into dynamic learning processes. Rather than replacing educators, these systems serve as
technological embodiments of pedagogy. The instructor’s role evolves from knowledge
transmitter to designer of learning experiences, curating the interaction between student
and algorithm to sustain reflection, metacognition, and agency. Learning becomes a recip-
rocal process in which the Al adapts to the learner’s cognitive state while the student actively
interprets and evaluates adaptive feedback. This reciprocity is essential: as Yang et al. (2024)
emphasize, ITS effectiveness is mediated by learner agency—adaptive support promotes
authentic learning only when students critically engage with Al-generated feedback rather
than consuming it passively. Without such engagement, adaptive systems risk degenerating

into automated performance optimization rather than deep conceptual learning.

Empirical evidence across domains substantiates these theoretical claims. Baillifard et al.
(2023) demonstrated that their Personal AI Tutor, founded on principles of spaced repetition
and retrieval practice, yielded a +15-percentile improvement in academic performance and
deeper conceptual understanding by prompting students to reconstruct rather than receive
knowledge. Yang et al. (2024), in an eleven-week experiment involving 71 undergraduates
using PyTutor for Python programming, found significant gains in engagement, confidence,
and problem-solving accuracy. Novice programmers benefited the most, confirming that
structured scaffolding is particularly effective in early learning stages. Yet, among advanced
learners, overreliance on feedback reduced productive struggle, a cornerstone of deep learn-

ing. Lui et al. (2024) extended this research with GPTutor, integrating retrieval-augmented
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generation (RAG) to reduce hallucinations and enhance factual reliability. Interactive en-
gagement with GPTutor correlated with higher performance and satisfaction, while passive
use produced limited gains. Similarly, Chen et al. (2025) found in PMTutor (an Al system
for management education) that adaptive feedback combined with reflective prompts im-
proved self-directed learning, exam performance, and satisfaction. The inclusion of instruc-
tor dashboards facilitated co-agency, allowing educators to supervise learning trajectories

without diminishing student autonomy.

The pedagogical potential of Al tutoring extends across disciplines. Kung et al. (2023) eval-
uated ChatGPT’s performance on the United States Medical Licensing Examination (US-
MLE), where the model achieved passing results across all sections without domain-specific
fine-tuning. Beyond raw performance, the system’s value lay in its ability to enable meta-
cognitive dialogue, allowing learners to question their reasoning and refine understanding.
Similarly, Ma et al. (2024) reported that students who integrated ChatGPT into Python learn-
ing workflows improved final assessments by 18% and expressed greater confidence in
debugging. Mdller et al. (2024), through their large-scale longitudinal study of Syntea in-
volving over 100,000 university students, demonstrated that personalized instruction can be
achieved at scale: average learning time was reduced by 27% without compromising qual-
ity. The study also noted that increased automation raises challenges concerning data ethics,

personalization fidelity, and learner oversight.

When these findings are compared across studies, a consistent pattern emerges: the effec-
tiveness of ITS depends less on algorithmic sophistication than on theoretical and pedagog-
ical alignment. The success of Baillifard et al.’s (2023) constructivist model, Yang et al.’s
(2024) reinforcement-based design, and Lui et al.’s (2024) socio-constructivist dialogue sug-
gests that Al systems function best when embedded within coherent pedagogical frame-
works. Instructors play a central role as mediators, ensuring that adaptive technologies pre-
serve cognitive rigor and ethical integrity. As Chen et al. (2025) observed, tools like PMTu-
tor exemplify hybrid co-agency, where human and algorithmic intelligences collaborate to

support reflection and decision-making.

Across the reviewed studies, three core tensions consistently define the current discourse on

Al tutoring:
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1. Efficiency versus depth of learning, systems like Syntea and PyTutor optimize
learning speed but risk undermining reflection;

2. Autonomy versus dependence, Al fosters self-directed learning but can also en-
courage overreliance, particularly among advanced students (Ma et al., 2024);

3. Trust versus epistemic uncertainty, even retrieval-augmented systems like GPTu-
tor (Lui ef al., 2024) remain probabilistic rather than epistemically grounded, rais-

ing concerns over accuracy and reliability.

These tensions mirror longstanding debates in educational psychology, balancing construc-
tivist ideals of autonomy and productive struggle with cognitivist emphases on feedback and

efficiency, and socio-constructivist calls for dialogic meaning-making.

Taken together, these theoretical and empirical insights reveal a defining paradox: the same
adaptivity that makes Al tutoring transformative can, if misapplied, erode the very cognitive
and ethical foundations of learning. Effective implementation requires a pedagogy of co-
agency, where human and artificial intelligences interact reciprocally to sustain autonomy,
reflection and intellectual challenge. When this equilibrium is achieved, Al tutoring ceases
to be a mechanism of efficiency and becomes an authentic catalyst for cognitive develop-
ment — advancing higher education toward a model of learning that is adaptive, dialogic,

and genuinely human-centered.
4.1.2 Affective and Motivational Engagement

While Intelligent Tutoring Systems (ITS) primarily address the cognitive dimension of
learning by adapting content and feedback to the learner’s performance, artificial intelli-
gence (Al) increasingly operates at the affective and motivational levels. Engagement —
conceived as the intersection of behavioral persistence, emotional involvement, and cogni-
tive effort — remains one of the most robust predictors of academic achievement and reten-
tion. In this respect, Al systems have introduced new pedagogical dynamics: immediacy of
feedback, adaptive personalization, and conversational interactivity have transformed the
learner’s relationship with content, fostering attention, curiosity, and persistence. The shift
from unidirectional knowledge transmission to interactive dialogue redefines engagement as

a relational process in which the learner’s emotional state and the AI’s adaptive responses
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continuously inform one another. Thus, well-designed Al systems act simultaneously as af-
fective regulators and cognitive amplifiers, making engagement an emergent property of

human—machine interaction rather than a mere by-product of instructional design.

Fazil et al. (2024) offered one of the earliest quantitative demonstrations of this phenomenon
in a multi-institutional study across Afghan universities. Their findings revealed statistically
significant increases in student persistence, participation, and course completion rates after
introducing Al-supported study tools. Students reported that conversational interfaces made
studying “feel less mechanical and more personalized”, indicating that Al can humanize
digital learning and mitigate disengagement. Similarly, Jahani ef al. (2024), in a comprehen-
sive European survey of master’s students, found that 82% of respondents experienced im-
proved comprehension and cognitive clarity when using generative Al for brainstorming and
summarization, while 41% expressed concern about cognitive dependency and superficial
learning. This ambivalence highlights the ongoing tension between instrumental motivation
— driven by efficiency — and epistemic motivation which is driven by curiosity and deep

understanding.

Sarwari & Adnan (2024) provided complementary evidence through a quantitative study of
Malaysian undergraduates, identifying a strong positive correlation (r = 0.833) between Al
use and perceived academic productivity, particularly for synthesis and report-generation
tasks. Students reported that Al assistance reduced stress, alleviated cognitive overload, and
improved perseverance during assessment-intensive periods. These efficiency gains contrib-
uted to greater self-efficacy and validated the hypothesis that technological empowerment
can act as a motivational catalyst. Cross-cultural comparison across the three studies reveals
important contextual asymmetries: in resource-constrained environments such as Afghani-
stan and Malaysia, Al served primarily as a scaffold of access, compensating for limited
human mentorship and institutional support; in European contexts, it functioned as a scaffold
of optimization, enhancing comprehension and efficiency in already resource-rich systems.
Hence, AI’s motivational role is relational, shaped by the educational ecology in which it

operates and by students’ level of intentional engagement.

Taken together, these empirical findings demonstrate that Al enhances student engagement
not only by accelerating performance but also by reshaping learners’ affective connection to

study. However, such motivational gains depend on students’ reflective use of Al. Learners
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driven by curiosity and self-improvement experience deeper engagement, while those moti-
vated by expedience risk developing surface-level dependency. Engagement, therefore,
emerges both as a psychological state and a pedagogical choice—an outcome of how human

intentionality intersects with technological affordance.

The Self-Determination Theory (Deci & Ryan, 2000) provides a valuable framework for
interpreting these motivational dynamics. According to this theory, intrinsic motivation
arises when three psychological needs are satisfied: autonomy, competence and relatedness.
Al systems — particularly those that are adaptive, conversational and responsive — can
address all three dimensions simultaneously. Abbas ef al. (2023) demonstrated that the im-
mediacy of Al feedback enhances perceived competence by allowing students to self-correct
and progress without prolonged frustration. Adaptive algorithms also promote autonomy by
enabling learners to adjust pacing and difficulty levels, aligning learning experiences with
individual goals and preferences. This adaptive responsiveness supports both the need for
control and the desire for continual improvement that are two central pillars of intrinsic mo-

tivation.

Al also influences the dimension of relatedness. Sandu et al. (2024), in an Australian case
study, found that students using ChatGPT for coursework discussions reported reduced anx-
iety and a greater willingness to contribute ideas, describing the system as a psychologically
“safe” environment for exploration and reflection. Such findings underscore AI’s potential
to act as an affective buffer, lowering emotional barriers and promoting participation, partic-
ularly among students hesitant in instructor-dominated settings. However, Chan & Hu
(2023) caution that anthropomorphic projections — students perceiving Al as a “study part-
ner” or “companion” — can blur the boundary between genuine social connection and algo-

rithmic mimicry, fostering misplaced trust or emotional dependence.

The mechanisms behind these effects are further illuminated by Flow Theory (Csikszent-
mihalyi, 1990), which defines optimal engagement as a state where challenge and skill are
balanced. AI’s ability to calibrate task complexity and feedback intensity in real time helps
maintain this equilibrium, preventing both boredom and overload. By sustaining learners in
the “flow zone,” Al functions not only as a tutor but also as a flow regulator, maintaining

attention, enjoyment and cognitive engagement through continuous calibration.
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Across these psychological and empirical frameworks, a consistent tension emerges: the im-
mediacy and efficiency that make AI motivating can also suppress opportunities for deep
reflection. Jahani ef al. (2024) and Sarwari & Adnan (2024) observed that when expedience
replaces curiosity, engagement becomes performative rather than reflective. Maintaining au-
thentic motivation thus requires the cultivation of Al literacy which is the ability to under-
stand, evaluate and ethically apply Al tools. Learners who engage reflectively, interpreting
Al-generated feedback critically rather than accepting it passively, retain autonomy and in-
trinsic motivation; those who use Al mechanically risk cognitive passivity and reduced depth

of understanding.

These insights reveal that AI’s motivational efficacy is multi-layered. It operates cognitively
by promoting mastery through adaptive feedback, affectively by reducing anxiety and sus-
taining flow, and socially by simulating a sense of connection. Yet, sustaining genuine in-
trinsic motivation requires learners to remain critically aware of AI’s artificial nature. Over-
personifying Al can shift engagement from reflection to dependency, transforming learning

into procedural imitation rather than meaningful inquiry.

At a pedagogical level, these mechanisms underpin a broader transformation from passive
information reception to active knowledge co-creation. Dialogic interfaces enable learners
to externalize reasoning, test hypotheses, and refine understanding through iterative ques-
tioning. In this process, Al acts as a metacognitive mirror, reflecting students’ thought pro-
cesses and revealing conceptual gaps. This aligns with socio-constructivist perspectives of
learning as co-production of meaning through interaction. However, as Chan & Hu (2023)
note, dialogic engagement carries epistemic risks: learners may conflate /earning with Al
(collaborative reasoning) with learning through AI (automated content acquisition). The for-

mer promotes autonomy and reflection; the latter risks instrumental dependence.

Ultimately, Al enhances motivation when it transforms learners from consumers of content
into co-creators of knowledge. Achieving this transformation requires intentional design and
reflective pedagogy that maintain the balance between assistance and authorship. True en-
gagement arises not from efficiency but from ownership — the sense that learners, not algo-

rithms, remain the primary architects of meaning-making.

4.1.3 Personalization and Metacognitive Learning
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The personalization of learning through artificial intelligence (AI) represents one of the most
transformative developments in higher education pedagogy. Personalization involves Al
systems dynamically adjusting content, pacing and feedback according to each learner’s
cognitive profile, engagement level and performance trajectory. Whereas traditional instruc-
tion often operates under standardized assumptions of learner homogeneity, Al-driven per-
sonalization recognizes diversity and treats learning as a fluid, iterative process shaped by

individual needs and prior experience.

Research has consistently highlighted adaptive personalization as a pedagogical turning
point. Velazquez-Garcia et al. (2024) demonstrated through experimental evidence that Al-
powered adaptive systems significantly improve persistence, motivation, and academic per-
formance. Likewise, Baillifard et al. (2023) found that personalization fosters metacognitive
regulation by encouraging learners to reflect on their understanding rather than simply re-
acting to feedback. These studies indicate that personalization not only enhances instruction
technically but also cultivates self-awareness and reflective control, two hallmarks of auton-

omous learning.

This adaptive paradigm marks a clear departure from the “one-size-fits-all” model toward
what might be termed pedagogical intelligence — a collaborative interaction between hu-
man and machine cognition. Using real-time analytics, Al can identify learning patterns,
detect stagnation, and adjust both content and pacing to sustain optimal challenge. By main-
taining what Csikszentmihalyi (1990) described as the flow channel—the balance between
skill and difficulty—ALlI allows learners to remain deeply engaged, avoiding both frustration
and boredom. Within this framework, educators become designers of adaptive learning en-

vironments, while students emerge as co-architects of their own trajectories.

When personalization is coupled with gamification — the use of game-like elements such
as challenges, leaderboards and rewards — the pedagogical impact of Al expands through
emotional engagement. Gamification draws on intrinsic motivators such as curiosity, mas-
tery and achievement, cultivating what Csikszentmihalyi called autotelic motivation: learn-
ing pursued for its inherent satisfaction. Velazquez-Garcia et al. (2024) observed that gami-
fied Al platforms substantially increased both persistence and voluntary participation, trans-

forming learning into a cycle of adaptive feedback and immediate reinforcement.
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Empirical evidence underscores this synergy. In Velazquez-Garcia et al.’s (2024) study of
Al-enhanced university platforms, adaptive pathways improved student motivation and ac-
ademic performance, while participants reported feeling “seen” by the system — a psycho-
logical marker of perceived personalization. This sense of alignment resulted from adaptive
pacing algorithms that recalibrated task difficulty in real time. Baillifard et al. (2023) com-
plemented these findings through their Personal AI Tutor, which used cognitive modeling
to detect learning stagnation and prompt metacognitive reflection through retrieval-based
exercises. This shift from reactive adaptation to proactive self-monitoring encouraged learn-

ers to evaluate their strategies and regulate their learning processes more consciously.

The juxtaposition of these studies reveals that adaptive personalization achieves its greatest
impact when it merges cognitive calibration with metacognitive prompting. Systems that
merely adjust task complexity may produce technically proficient but intellectually passive
learners, whereas those fostering reflection strengthen both understanding and autonomy. In
this sense, Al functions as a mirror — a reflective tool through which learners perceive,
assess, and refine their cognition. Personalization thus becomes a pedagogical dialogue that

promotes agency, awareness and sustained engagement.

Gamification complements these mechanisms by providing affective scaffolding that sus-
tains long-term motivation. When integrated within adaptive systems, it transcends decora-
tive design to become a genuine pedagogical strategy. Velazquez-Garcia et al. (2024) re-
ported that Al-driven gamified environments increased task persistence by 34% com-
pared with static platforms. Students who received instantaneous, contextualized feedback
voluntarily revisited challenging materials and expressed greater enjoyment in problem-
solving. This immediacy of reinforcement enhances both persistence and self-efficacy, as

learners perceive progress as a direct consequence of their own effort.

Further evidence is offered by Sanchez-Vera (2025), whose study at the University of La
Laguna examined a subject-specific chatbot designed as an autonomous exam-preparation
tutor. The results were striking: 91.4% of participants reported improved conceptual clarity,
and 95.7% noted enhanced understanding. However, while gamification improved recall and
engagement, it proved less effective in fostering the cognitive depth needed for authentic
problem-solving. When compared to Velazquez-Garcia et al. (2024), these findings high-
light an important distinction: gamification enhances engagement and retention, while per-

sonalization fosters comprehension and reflection. The most effective Al learning designs
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therefore integrate both — combining the motivational power of reward cycles with the cog-

nitive precision of adaptive feedback.

Despite its promise, Al-driven personalization and gamification raise notable pedagogical
and ethical challenges. Moller et al. (2024) warn that adaptive algorithms emphasizing
scores or completion may inadvertently encourage surface learning, prioritizing perfor-
mance over genuine understanding. Similarly, excessive personalization can result in data
overfitting, as systems repeatedly align future tasks with past performance, reducing expo-
sure to unfamiliar challenges and limiting creativity. The paradox of personalization is thus

that too much adaptation may narrow rather than broaden intellectual growth.

Ethical considerations further complicate these dynamics. The continuous tracking of en-
gagement data — such as response times or behavioral metrics — raises legitimate concerns
about privacy, transparency and autonomy. When students are unaware of how their behav-
iors shape algorithmic feedback, agency becomes compromised. Transparent data practices
and informed consent are therefore essential to ensure that personalization remains empow-

ering rather than manipulative.

A subtler risk involves affective manipulation. The motivational structures of gamification
—progress bars, notifications and reward loops — derive from behavioral conditioning, and
without ethical oversight they may foster dependency or compulsive engagement. Education
must therefore reclaim gamification as a pedagogical conversation, a means to sustain curi-
osity and authentic motivation rather than to manufacture compliance. As Moller et al.
(2024) emphasize, ethical personalization requires systems that adapt not only to perfor-

mance data but also to human values — autonomy, curiosity and the joy of understanding.

In sum, personalization and gamification exemplify AI’s dual capacity to individualize
learning and sustain engagement when grounded in reflective pedagogy. Properly integrated,
they can cultivate self-regulated, motivated learners capable of both cognitive mastery and
metacognitive insight. However, their misuse risks reducing education to an algorithmic pur-
suit of efficiency. The challenge for higher education lies in designing Al systems that bal-
ance adaptivity with authenticity, ensuring that technology amplifies rather than diminishes

the human dimensions of learning.
4.1.4 Synthesis and Emerging Insights
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The pedagogical value of Artificial Intelligence (AI) in higher education lies not in automa-
tion itself but in its capacity to scaffold critical thinking, creativity, and metacognitive aware-
ness within adaptive, human-centered learning environments. Zhao et al. (2024) conceptu-
alize Al as a pedagogical partner that augments human cognition through feedback, retrieval
practice, and adaptive scaffolding. Functioning simultaneously as a mirror and a coach, Al
reflects learners’ reasoning processes while offering structured opportunities for refinement
and expansion, echoing Vygotsky’s (1978) notion of the zone of proximal development,

where guided interaction enables learners to perform beyond their independent capabilities.

Building on this premise, Nikolopoulou (2024) identifies three interconnected pedagogical
affordances of Al — cognitive, metacognitive and social. Cognitive affordances enhance
comprehension and retention through adaptive feedback; metacognitive affordances pro-
mote reflection and self-regulation; and social affordances foster dialogue and collaboration
through Al-mediated interaction. Empirical findings confirm these categories: Intelligent
Tutoring Systems such as Personal AI Tutor (Baillifard et al., 2023) and PyTutor (Yang et
al., 2024) exemplify cognitive affordances by dynamically adjusting pacing and feedback,
while studies by Fazil et al. (2024) and Sarwari & Adnan (2024) demonstrate affective en-
gagement through personalization and immediacy. Similarly, adaptive gamification research
(Velazquez-Garcia et al., 2024; Sdnchez-Vera, 2025) highlights how ethically designed chal-

lenge-reward cycles can sustain motivation and persistence.

However, the same features that make Al adaptive also introduce epistemic risks. Lee &
Low (2024) and Okulich-Kazarin et al. (2024) warn that overreliance on Al-generated ex-
planations may erode critical thinking, as learners begin to accept algorithmic responses
without interrogation. In their study at the Singapore Institute of Technology, Lee & Low
(2024) found that students encouraged to critique Al outputs exhibited greater analytical
reasoning and epistemic curiosity than those who accepted them uncritically. Similarly, Mol-
ler et al. (2024) caution that systems emphasizing completion metrics or reward accumula-
tion can foster surface learning rather than deep comprehension. These tensions underscore
the importance of cultivating Al literacy — the ability to understand how Al systems pro-

cess, prioritize, and generate information.

Embedding Al literacy within university curricula ensures that learners act as critical evalu-
ators rather than passive recipients. Baillifard et al. (2023) emphasize that transparency in

Al design —especially in how feedback and recommendations are produced — fosters trust,
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fairness, and accountability. Developing reflective competence allows students to engage
dialogically with Al systems, transforming them into cognitive mirrors that enhance meta-

cognitive awareness and self-regulated learning.

Across disciplinary and methodological contexts, empirical studies converge on the same
insight: Al in education functions not merely as a technological enhancement but as a trans-
formative pedagogical agent that reshapes the relationship between learners, knowledge,
and instruction. Evidence from tutoring systems (Baillifard et al., 2023; Yang et al., 2024),
engagement studies (Fazil et al., 2024; Jahani et al., 2024), and gamified platforms (Velaz-
quez-Garcia et al., 2024; Sanchez-Vera, 2025) demonstrates that Al fosters autonomy, re-
flection, and sustained motivation when its use balances personalization with challenge and

efficiency with depth.

Synthesizing these insights, the emerging educational paradigm can be understood as a stu-
dent—Al partnership founded on reciprocal adaptation. Al responds to learners’ cognitive
and affective cues, while students exercise metacognitive control and ethical discernment.
When aligned with values of fairness, inclusivity, and accountability (Zhao et al., 2024), this
partnership transforms Al into a co-learner — an intelligent collaborator that supports cu-
riosity, reflection and self-regulated inquiry. The future of higher education, as suggested by
Baillifard et al. (2023), Velazquez-Garcia et al. (2024), Zhao et al. (2024) and Lee & Low
(2024) depends on cultivating this adaptive co-agency, where human and artificial intelli-

gences co-evolve in the continuous pursuit of meaningful learning.

4.2 Al Systems Supporting Faculty

The growing integration of Artificial Intelligence into higher education has fundamentally
altered the role of faculty members, expanding their capabilities as designers, facilitators,
and evaluators of learning. Within this transformation, Al-driven systems have emerged as
powerful tools for generating teaching materials, supporting curriculum design, and auto-
mating repetitive cognitive tasks. These systems, often grounded in generative models such
as GPT-based architectures, serve as co-educators that collaborate with human instructors to
produce adaptive, context-aware, and personalized learning resources. The shift from hu-
man-exclusive authorship to human—Al co-creation represents a profound redefinition of

academic labor and intellectual authority in university teaching.
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While Section 4.1 examined how Al technologies enhance students’ learning processes
across cognitive, affective and metacognitive dimensions, this section turns attention to the
faculty perspective — exploring how Al reshapes the design, delivery and evaluation of
instruction itself. In this emerging ecology, educators are no longer mere transmitters of
knowledge but designers of learning environments, orchestrating interactions between hu-
man cognition and machine intelligence. Al thus functions as both a cognitive amplifier and
a pedagogical collaborator, augmenting faculty agency through automation and intelligent
co-design.
Following the same analytical structure used in the previous section, the discussion unfolds
across three interrelated dimensions of academic practice:

1. a cognitive dimension, examining AI’s contribution to instructional design and as-

sessment (4.2.1);

2. an affective-relational dimension, analyzing AI’s mediation of feedback, supervi-

sion and interaction with students (4.2.2);

3. a metacognitive and developmental dimension, focusing on faculty learning, re-

flection and professional adaptation (4.2.3).

Together, these subsections outline how Al systems support, challenge, and transform aca-
demic work — shifting higher education from a model of teaching as transmission to one of
pedagogical co-agency. The first of these dimensions, AI for Assessment and Instruc-
tional Design, explores how Al extends faculty cognition by merging automation with re-

flective instructional creativity.
4.2.1 Al for Assessment and Instructional Design

The integration of Artificial Intelligence (Al) into higher education has redefined the intel-
lectual and operational scope of academic work. Teaching, once centered on the transmission
and evaluation of knowledge, now involves design, curation, and interpretation within intel-
ligent ecosystems that merge human and computational cognition. Al functions as a cogni-
tive amplifier for educators — augmenting their capacity to generate, structure and assess
learning materials —while demanding renewed ethical and epistemological awareness.
Within this evolving framework, assessment and instructional design emerge as central do-
mains in which Al reshapes the cognitive dimension of teaching, aligning efficiency with

reflective depth.
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At the heart of this transformation lies the concept of AI-augmented pedagogy, which moves
beyond static course delivery toward generative, data-informed ecosystems. Shin et al.
(2024) describe the Al-augmented professor as an educator whose cognitive workload is
redistributed through automation but whose pedagogical oversight remains intact. In this
model, Al systems such as large language models (LLMs) act as partners in cognition, as-
sisting faculty in creating adaptive, context-sensitive content. Nikolopoulou (2024) extends
this vision by arguing that generative tools like ChatGPT or Gemini do not merely produce
text; they operate as engines of pedagogical ideation, helping educators brainstorm, reframe
and contextualize materials for diverse learner profiles. The teacher’s role thus evolves from
producer of content to designer of learning experiences—an intellectual shift from teaching

as performance to teaching as design.

Empirical evidence from the Erasmus+ DialogEduShift project (Vindaca et al., 2024)
demonstrates this cognitive evolution. Conducted across five European universities, the
study showed how faculty used generative Al tools to assist in curriculum planning, question
generation and formative assessment design. Instructors reported substantial gains in effi-
ciency and creativity, especially in disciplines requiring multiple examples or problem sce-
narios. When educators collaborated in refining Al drafts, the quality and originality of
teaching materials improved markedly. These results confirm Shin et al.’s (2024) and Ni-
kolopoulou’s (2024) claim that AI’s pedagogical value lies in co-creation: the iterative in-

terplay between human discernment and machine generativity.

Nikolopoulou (2024) identifies three interrelated modes of faculty—Al collaboration:

1. Generative ideation, in which instructors employ Al to generate analogies, case
studies, or assessment items aligned with learning outcomes;

2. Adaptive content production, where Al adjusts language, difficulty, and examples
to suit different learner profiles; and

3. Reflexive enhancement, where Al is used to audit inclusivity, clarity, and accessi-
bility.
These modes show Al as both accelerator and mirror of instructional cognition. Ra-
ther than displacing agency, it extends the reflective cycle of design—allowing edu-
cators to test multiple iterations before selecting the most pedagogically coherent

version. This iterative process reflects the cognitive-scientific principle of deliberate
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practice—structured repetition with feedback—now applied to the teaching process

itself.

Concrete applications further illustrate how Al is transforming instructional design and as-
sessment. GPTutor (Lui et al., 2024), developed for software engineering education, inte-
grates student and instructor-facing interfaces enabling faculty to generate questions, ana-
lyze common error patterns, and edit Al-produced explanations. Similarly, Tutor CoPilot
(Wang et al., 2025), implemented across twelve universities, enables real-time content cre-
ation and formative evaluation. Both platforms demonstrated comparable effects: approxi-
mately 35-40% reductions in preparation or grading time, improved alignment between
objectives and assessment criteria, and increased satisfaction among faculty. Crucially,
educators reported that automation enhanced rather than diminished pedagogical coherence
— Al provided the structure, but human interpretation ensured conceptual precision. This
dual validation model, where Al drafts and humans refine, embodies the pedagogical prin-

ciple of symbiosis between automation and reflection.

Parallel to these developments in design, Al is transforming assessment — traditionally
among the most time-consuming facets of teaching. Vindaca et al. (2024) and Xu et al.
(2024) observe that Al enables a shift from episodic grading toward intelligent, formative
evaluation, where feedback becomes continuous and adaptive. Instructors using ChatGPT-
based assistants simulated feedback dialogues, generated explanations calibrated to learner
performance, and produced parallel question sets for varied mastery levels. Such tools oper-
ationalize the principle of assessment for learning, where evaluation itself becomes a vehicle

for understanding rather than judgment.

However, the cognitive benefits of automation depend on sustained epistemic supervision.
Xu etal. (2024), in a large-scale study of Chinese university educators applying the UTAUT?2
model, found that perceived usefulness and system trust were decisive for adoption. Faculty
accepted Al as a facilitator of routine assessment but resisted delegating evaluative authority
entirely to machines. This ambivalence underscores the importance of transparency and co-
designed rubrics to maintain pedagogical integrity. When algorithmic decisions are explain-
able and auditable, educators perceive Al as a collaborator rather than an opaque evaluator
— echoing Wang et al.’s (2025) findings, where interpretive analytics guided faculty to fo-

cus on reasoning rather than rote accuracy.
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Quantitative research supports these observations. Rahim et al. (2022), using a hybrid PLS-
SEM and neural-network model across several institutions, identified system accuracy, data
privacy assurance, and institutional support as the strongest predictors of sustained Al adop-
tion in assessment workflows. Institutions with transparent governance and ethical oversight
showed the highest faculty satisfaction. These results complement Tutor CoPilot’s findings,
where automated grading reduced turnaround time by 40% while improving perceived feed-
back quality among instructors and students alike. Such data indicate that Al can reconcile
scale and depth in assessment when implemented as a hybrid validation model — machine-

assisted but human-confirmed.

AT’s analytical capabilities also open new possibilities for predictive feedback and differen-
tiated evaluation. Nikolopoulou (2024) notes that generative systems can tailor recommen-
dations based on performance patterns, turning feedback into a dynamic cognitive dialogue.
Instructors have begun to use Al to produce multiple feedback templates aligned with pro-
ficiency levels, promoting differentiation while saving time. Yet, as Vindaca et al. (2024)
and Xu et al. (2024) caution, these potential demands feedback literacy: educators must crit-
ically interpret algorithmic output and students must understand how to act on it. Without

such metacognitive scaffolding, feedback risks devolving into passive consumption.

Despite these benefits, integration raises ethical and epistemological challenges. Shin et al.
(2024) warn that over-reliance on generative systems may erode critical reflection, leading
to homogenized content and embedded bias. Nikolopoulou (2024) similarly cautions that
Al-generated materials may reproduce dominant epistemologies, marginalizing cultural di-
versity. These issues highlight the need for pedagogical vigilance — continuous critical
awareness of when and how to intervene in Al design. Faculty remain the epistemic anchors
of the teaching enterprise, curating Al outputs through ethical and disciplinary lenses. The
DialogEduShift consortium (Vindaca et al., 2024) recommends transparent disclosure of Al
involvement in course design and assessment, preserving accountability and authorship in-

tegrity.

From an institutional perspective, Xu et al. (2024) and Rahim et al. (2022) converge on one
insight: faculty trust and agency determine sustainable integration. Educators adopt AI most
willingly when it augments their expertise rather than replacing it. Conversely, automation
imposed without participatory design provokes resistance. Hence, faculty-centered frame-

works — where educators co-develop Al tools aligned with disciplinary epistemologies —
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are essential. The success of GPTutor and Tutor CoPilot derives precisely from this partici-
patory model, where algorithmic logic and human judgment co-evolve through iterative re-

finement.

Ultimately, the transformation brought by Al in instructional design and assessment is de-
fined less by efficiency than by the quality of reflection it enables. As Shin et al. (2024) and
Vindaca et al. (2024) argue, the educator’s role is shifting from producer of content to cura-
tor of intelligence — a professional who supervises, interprets and refines algorithmic pro-
cesses to sustain conceptual rigor and creativity. In this cognitive ecology, Al functions both
as a tool and interlocutor: it accelerates design and assessment while prompting educators to
rethink the epistemic foundations of teaching. When ethically grounded and critically
guided, automation expands rather than diminishes intellectual autonomy. Al thus becomes
not an author of pedagogy but its most responsive mirror — a system through which the act

of teaching itself becomes an ongoing process of learning, reflection and design.
4.2.2 Al for Feedback, Supervision, and Student Interaction

Artificial Intelligence (Al) is profoundly transforming how feedback, supervision and stu-
dent interaction are conceived and practiced in higher education. Traditionally, these pro-
cesses have been constrained by time, scale and faculty workload, with feedback often taking
the form of delayed evaluations and supervision limited to sporadic exchanges. The integra-
tion of Al-driven systems has altered this dynamic, enabling a shift from episodic and reac-
tive engagement to continuous, adaptive, and dialogic interaction. Feedback, once a judg-
mental endpoint, is now emerging as an ongoing conversation — one that merges cognitive
insight, relational presence, and pedagogical co-agency between instructors and learners.

As demonstrated by the Erasmus+ DialogEduShift project (Vindaca et al., 2024), generative
Al models such as ChatGPT have been adopted by instructors to simulate feedback dia-
logues, provide differentiated explanations and scaffold reasoning through iterative interac-
tion. Faculty participants reported significant gains in efficiency, precision and relational
continuity. By reducing grading delays and enabling instantaneous formative responses, Al
systems turned feedback into part of the learning process rather than an afterthought. In-
structors in the study described Al as a “pedagogical amplifier” — a tool that extended their
capacity to sustain cognitive and emotional connection with large groups of students. Yet

this amplification remained effective only when mediated by human interpretation. Vindaca
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et al. (2024) emphasized that the educational value of Al-based feedback depends on faculty
oversight; automated comments should always be reviewed and contextualized to preserve
meaning, fairness and empathy.

This hybrid dynamic was further validated in Wang et al.’s (2025) large-scale study of Tutor
CoPilot, which involved more than 900 tutors across twelve universities. The platform gen-
erated real-time feedback for both instructors and students, identifying patterns in perfor-
mance and suggesting interventions. Faculty reported a 40% reduction in grading turnaround
time and perceived higher feedback quality, noting that automation enabled them to focus
more on conceptual clarification and individualized guidance. Rather than delegating eval-
uation to the system, educators used Al as a co-pilot — a cognitive and communicative
partner that accelerated procedural tasks while preserving human discretion. This dual vali-
dation model, in which feedback is algorithmically drafted but human-approved, has
emerged as an ethical benchmark for Al-assisted pedagogy.

The pedagogical implications of these systems extend beyond efficiency. Feedback consti-
tutes an essential form of relational communication; it signals presence, empathy and recog-
nition. Xu et al. (2024), through their UTAUT2-based study on Chinese university educators,
found that perceived usefulness and trust strongly influenced sustained Al adoption. Instruc-
tors saw Al-supported feedback tools as enhancers of pedagogical presence, helping them
maintain responsiveness and visibility even in asynchronous or large-scale learning environ-
ments. This immediacy of communication — enabled by AI’s capacity to generate timely
and personalized responses — enhances the emotional continuity of instruction, reducing
the psychological distance that often characterizes digital education.

At the same time, the relational mediation facilitated by Al introduces new complexities.
While immediacy fosters engagement, excessive automation can desensitize instructors to
the affective nuances of student communication. Xu et al. (2024) and Vindaca et al. (2024)
caution that reliance on Al-generated summaries or sentiment analyses risks flattening the
emotional texture of dialogue, diminishing opportunities for genuine connection. Shin et al.
(2024) therefore advocate for pedagogical vigilance: the conscious regulation of when, how,
and to what extent Al participates in communicative and supervisory processes. Faculty
must remain interpretive agents — using Al not as a replacement for empathy, but as a me-
dium that extends its reach across contexts and cohorts.

AT’s capacity to support supervision also redefines the traditional boundaries between in-
structional design and student mentorship. At the Politecnico di Torino, Demartini et al.

(2024) implemented Al dashboards that synthesized student performance data — such as
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participation trends, quiz outcomes, and time-on-task metrics — to support formative super-
vision across engineering courses. Over two semesters, the project achieved a 19% increase
in course completion rates and improved student satisfaction. Instructors reported that
the dashboards enhanced their ability to identify struggling students, adjust pacing and mon-
itor engagement patterns. Yet, as Demartini and colleagues note, the success of such systems
depends on a feedback culture grounded in pedagogical interpretation. The Al revealed cor-
relations rather than causations, requiring human judgment to translate analytics into
meaningful interventions. This synergy between human expertise and algorithmic insight
exemplifies what Shin et al. (2024) term augmented teaching cognition: the enhancement
of professional reasoning through data-informed reflection.

A related case is the Teacher Autonomy Project developed by Ortega-Arranz et al. (2025)
under the EU Horizon program. This middleware platform enabled educators to configure
and oversee the interactions between students and generative Al tutoring systems. Faculty
could adjust parameters such as feedback complexity, tone, and content alignment, ensuring
that Al-student dialogues remained pedagogically coherent and ethically sound. Teachers
described the system as a “pedagogical firewall,” preserving their instructional intent while
leveraging automation for scalability. The study revealed that Al autonomy does not inher-
ently diminish teacher autonomys; rather, it redistributes agency between human and machine
actors. As long as the locus of decision-making remains with the educator, automation en-
hances rather than constrains professional judgment.

Complementary findings emerged from Sallu et al. (2024), whose exploratory study in
Southeast Sulawesi investigated how instructors used Al tools for student tracking and form-
ative communication. To manage large cohorts, handle routine queries, and generate perfor-
mance summaries, the faculty has opted for chat-based assistants. These systems supported
a sense of continuity and attentiveness that would otherwise be difficult to sustain in re-
source-limited environments. However, when the communication protocols were not explic-
itly framed by the instructor, students perceived feedback as impersonal or mechanical. The
authors conclude that the effectiveness of Al-mediated supervision depends on transparency
and contextualization — the student must perceive the presence of the instructor within the
feedback, even when it is delivered through an algorithmic interface.

Cross-contextual evidence supports this interpretation. Chu et al. (2022), in their systematic
review of Al applications in higher education, identified predictive modeling and learning
analytics dashboards as the most prevalent tools supporting instructors. These technologies

were most successful when used for interpretive augmentation — providing patterns and
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insights rather than prescriptive commands. Conversely, when employed for top-down per-
formance audits or managerial oversight, they generated resistance among faculty, who per-
ceived them as surveillance mechanisms. The relational dimension of Al supervision, there-
fore, hinges on governance: systems designed for empowerment foster collaboration and
reflection, while those designed for compliance promote disengagement.

Across these studies, a common pattern emerges. Al amplifies the communicative and su-
pervisory capacities of educators, but its pedagogical value depends on human oversight,
interpretive literacy, and ethical transparency. When faculty understand how Al systems
generate recommendations and retain control over their implementation, automation
strengthens rather than weakens the teacher-student relationship. On the other hand, systems
that hide algorithmic reasoning run a risk of undermining trust and reducing agency. The
principle of human-in-the-loop supervision — where educators mediate, interpret, and au-
thorize Al outputs—thus remains fundamental to maintaining pedagogical integrity.
Ethical considerations intersect with these pedagogical dynamics in critical ways. The Di-
alogEduShift consortium (Vindaca et al., 2024) proposed guidelines for responsible feed-
back automation, recommending full disclosure of Al assistance in course communication
and requiring human validation before releasing Al-generated comments. Such transparency
sustains epistemic trust and prevents students from conflating algorithmic output with hu-
man judgment. Moreover, as Shin et al. (2024) note, the pedagogical value of Al lies not in
its efficiency but in its capacity to sustain reflection and care. Ethical reflexivity, which is
the instructor's awareness of how automation shapes the tone, frequency, and relational tex-
ture of educational communication, is the only way feedback automation can enhance atten-
tiveness.

In sum, Al is transforming feedback and supervision from isolated instructional events into
dynamic processes of co-regulation and shared agency. Through adaptive prompts, real-time
analytics, and dialogic exchanges, Al systems extend the educator’s presence, enabling sus-
tained engagement across scales and modalities. Yet this very immediacy introduces new
pedagogical responsibilities. Relational literacy, which is the ability to design, interpret, and
humanize Al-mediated interactions, is a skill that faculty must cultivate. When achieved,
feedback becomes a site of collaboration rather than compliance, supervision evolves into
mentorship, and Al functions not as an evaluator but as a partner in reflective dialogue.
Empirical evidence across contexts — from DialogEduShift and Tutor CoPilot to the
Politecnico di Torino and Horizon projects — underscores a consistent conclusion: Al en-

hances communication when it reinforces, rather than replaces, the relational essence
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of teaching. The future of feedback and supervision in higher education will thus depend
not on how intelligent machines become, but on how wisely educators orchestrate their re-
lational affordances. The challenge is to design systems that honor both efficiency and em-

pathy, ensuring that the immediacy of automation never eclipses the humanity of education.
4.2.3 Faculty Development and Pedagogical Adaptation

The integration of Al into higher education has redefined not only how faculty teach, assess,
and supervise but also how they develop professionally and conceive their pedagogical roles.
As automation permeates academic practice, educators increasingly operate as designers of
intelligent learning environments, interpreters of data and ethical stewards of algorithmic
systems. This transformation demands not just technical proficiency but a deeper pedagogi-
cal adaptation — a reorientation of professional identity toward reflective co-agency with
Al

Al-driven systems have reshaped academic labor by redistributing cognitive effort. Tasks
once marked by repetition — grading, feedback generation, and content curation — are now
managed by intelligent systems, freeing educators for higher-order reasoning, mentorship
and design. Shin et al. (2024) describe this as the rise of the Al-augmented professor, whose
creativity and analytical precision are expanded through collaboration with machine intelli-
gence. Yet, as this tudy emphasizes, augmentation is not automatic: it requires cultivating
new competencies that combine digital literacy, interpretive awareness and ethical reflexiv-
ity.

At the institutional level, professional development initiatives increasingly reflect this para-
digm. Xu et al. (2024), in a large-scale study of university educators, found that sustained
Al adoption correlates strongly with effort expectancy and habit formation — key constructs
of the UTAUT2 model. Faculty who viewed Al tools as enhancing competence and reducing
overload were more likely to integrate them sustainably. However, Xu et al. (2024) also
observed that confidence and trust are socially conditioned by institutional culture: univer-
sities that frame Al as a pedagogical partner rather than as a monitoring mechanism achieve
higher engagement. Faculty development in the Al era, therefore, is as much a cultural pro-
cess as a technical one.

Empirical evidence confirms that when Al tools are introduced within reflective frame-
works, they empower rather than constrain. At the Politecnico di Torino, Demartini et al.

(2024) reported that Al dashboards for course monitoring improved instructors’ ability to
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identify learning bottlenecks and adjust pacing dynamically. Crucially, these gains derived
not from automation alone but from a feedback culture — collective interpretation of data
through professional judgment. The Al revealed patterns; instructors provided meaning.

A similar pattern appears in the Teacher Autonomy Project (Ortega-Arranz et al., 2025),
developed under the EU Horizon program. The platform allowed faculty to configure and
supervise Al tutoring systems, controlling interaction parameters such as tone, complexity,
and alignment with learning objectives. Teachers described it as a “pedagogical firewall”
that preserved intent while ensuring scalability. Participants reported higher confidence and
autonomy, perceiving Al as a collaborative ally rather than a threat — a dynamic Ortega-
Arranz et al. (2025) define as negotiated autonomy, where authority is distributed but guided
by human oversight.

Al also supports professional adaptation beyond teaching and assessment, extending into
workload management and governance. Ahriz et al. (2024) document this in their study of a
chatbot framework deployed in a Middle Eastern university, built on IT Infrastructure Li-
brary (ITIL) standards. By automating administrative queries and providing real-time met-
rics on attendance and submissions, the system reduced bureaucratic friction and indirectly
enhanced academic autonomy. Faculty could reinvest saved time in creative and mentoring
activities. These results echo Shin et al.’s (2024) view that ethically designed automation
liberates cognition by offloading non-pedagogical burdens.

However, empowerment is contingent upon governance. As Chu et al. (2022) observed in
their systematic review, the pedagogical value of analytics depends on institutional intent.
When Al systems are used for managerial oversight, they erode trust; when analytics are
democratized — accessible, interpretable and co-designed — they foster reflection and col-
laboration. This distinction delineates two paradigms: efficiency-driven models, prioritiz-
ing accountability and optimization, and empowerment-oriented models, privileging in-
sight and pedagogical growth. The latter strengthens professional agency by transforming
data into dialogue rather than control.

Sallu et al. (2024) confirmed this contrast in their study of instructors in Southeast Sulawesi.
In resource-constrained contexts, faculty used Al for formative monitoring and student
tracking, viewing it as supportive rather than supervisory. Engagement rose when institu-
tions promoted transparency and shared decision-making; where Al outputs served manage-
rial evaluation, participation fell sharply. Across contexts, the determining variable was gov-
ernance: the more participatory and ethical the implementation, the stronger the trust and

innovation culture.
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Within this evolving landscape, A/ literacy has emerged as a cornerstone of professional
development. Xu et al. (2024) and Ortega-Arranz et al. (2025) argue that educators must
cultivate not only technical fluency but interpretive competence: the ability to question,
contextualize, and ethically evaluate Al outputs. Such literacy transforms data from external
imposition into pedagogical insight, enabling instructors to move from reactive adaptation
to reflective authorship. This capacity is best fostered through institutional support — work-
shops, peer mentoring and communities of practice where educators share strategies for
prompt design, feedback interpretation, and ethical supervision.

Ethical transparency remains equally fundamental. Demartini et al. (2024) emphasize that
data ownership and explainability sustain faculty trust. When instructors understand how
indicators are generated and privacy is safeguarded, engagement increases. Similarly, Or-
tega-Arranz et al. (2025) highlight interpretive transparency — the ability for educators to
audit algorithmic reasoning and verify its alignment with academic standards. Without such
safeguards, Al risks transforming reflection into control.

This tension — between liberation and constraint — illustrates what Shin et al. (2024) call
the design paradox of educational Al: automation can empower but also discipline. Fou-
cault’s notion of fechnologies of power aptly captures this duality — visibility through data
both enables and regulates behavior. Faculty autonomy in the Al era is thus not a fixed right
but a negotiated condition, continually reaffirmed through reflective practice and ethical de-
sign.

Within this framework, the professional identity of educators is undergoing re-profession-
alization. Demartini et al. (2024) and Ortega-Arranz et al. (2025) show that Al analytics,
when interpreted reflexively, foster rather than erode expertise. By engaging with data as a
tool for self-assessment, instructors embody the concept of the reflective practitioner —
learning through critical self-inquiry. Instead of diminishing expertise, Al reveals blind
spots, prompting adaptation and iterative improvement. Faculties who integrate these in-
sights develop augmented professionalism, characterized by ethical awareness, data-in-
formed reflection and creative agency.

Institutional structures play a decisive role in supporting this evolution. Empowerment-ori-
ented universities — such as those in the Politecnico di Torino and Horizon project cases —
adopt co-ownership models in which data belong jointly to instructors and institutions, en-
suring formative rather than punitive use. In contrast, efficiency-driven models emphasizing

accountability tend to undermine trust. The future of faculty development thus depends on
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governance that balances transparency with autonomy, positioning Al as a foo! of collabo-
ration rather than control.

Taken together, these findings indicate that effective pedagogical adaptation requires a
multi-layered strategy: fostering Al literacy and interpretive competence, embedding ethical
and participatory governance, and cultivating a reflective culture that values experimentation
over compliance. Faculties who collaborate critically with Al — supervising, questioning,
and integrating its insights — emerge as agents of innovation rather than subjects of auto-
mation. The result is a profession redefined by technology yet grounded in human judgment:
educators who combine cognitive intuition with analytical precision, empathy with effi-
ciency, and creativity with accountability. In this reimagined academic ecology, faculty de-
velopment transcends tool acquisition to become a cultivation of epistemic stance — em-
bracing Al as a partner in inquiry while safeguarding the ethical and relational core of edu-
cation. When achieved, adaptation transforms Al from an instrument of efficiency into a
catalyst for professional renewal, allowing educators to reclaim agency, deepen reflection

and lead the co-evolution of human and artificial intelligences in higher education.
4.2.4 Synthesis: Faculty-Centered AI Ecosystems

The integration of Al into higher education has redefined the ecology of teaching, reshaping
how knowledge is created, delivered and reflected upon. Across the studies examined in this
section, a consistent theme emerges: Al does not simply automate academic work but
transforms it into a system of augmented cognition and reflective co-agency. Faculty
members, far from being displaced by automation, are repositioned as the designers, inter-
preters and ethical custodians of hybrid pedagogical ecosystems. Within these ecosystems,
Al acts as a collaborator — an amplifier of creativity, precision and inclusivity — when
implemented through frameworks that respect human judgment and educational integrity.

At its most transformative, Al enhances the cognitive dimension of teaching. As demon-
strated in studies on Al-supported instructional design (Shin et al., 2024; Nikolopoulou,
2024; Vindaca et al., 2024), generative systems such as ChatGPT and GPTutor expand the
intellectual reach of instructors by co-producing learning materials, adapting them to differ-
ent student profiles, and aligning them with course outcomes. These systems externalize
faculty cognition, functioning as what Shin et al. (2024) term “partners in cognition.” When

used reflexively, they enable educators to shift from mechanical production to higher-order
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design, focusing on conceptual coherence, critical reasoning and creative synthesis. How-
ever, as both Shin et al. (2024) and Nikolopoulou (2024) caution, generativity without guid-
ance risks homogenization. Pedagogical creativity thrives only when instructors critically
supervise and refine Al outputs, ensuring epistemic diversity and academic authenticity.
The affective and relational dimension of faculty work also undergoes profound transfor-
mation. In assessment and feedback processes, Al systems such as Tutor CoPilot and GPTu-
tor (Wang et al., 2025; Lui et al., 2024) facilitate a shift from episodic evaluation to contin-
uous formative dialogue. These tools foster immediacy, personalization and interactivity,
which in turn strengthen the relational fabric between faculty and students. Empirical evi-
dence from Vindaca et al. (2024) and Xu et al. (2024) shows that such systems increase
efficiency and student satisfaction while allowing instructors to focus on higher-order feed-
back that emphasizes reasoning, argumentation and self-regulation. The emergence of aug-
mented feedback — defined as feedback co-generated by Al and curated by instructors —
marks a pedagogical evolution: the educator becomes less a grader and more a dialogical
mentor. Yet, as Xu et al. (2024) and Shin et al. (2024) remind, efficiency must not displace
empathy. The human element — interpretive sensitivity, motivational nuance and ethical
discernment — remains irreplaceable within feedback dynamics.

The metacognitive dimension is where Al’s pedagogical potential most clearly intersects
with professional growth. As shown by Demartini et al. (2024) and Ortega-Arranz et al.
(2025), performance analytics, dashboards and supervisory platforms can transform data into
insight when governed ethically. These systems support reflective teaching by providing
visualizations of student engagement and learning bottlenecks, allowing instructors to cali-
brate pacing, strategy and support. When data are transparent and interpretable, as in the
Politecnico di Torino case (Demartini et al., 2024), they become instruments of pedagogical
intelligence rather than control. Conversely, when analytics are opaque or imposed hierar-
chically, they risk reproducing managerial surveillance — a concern echoed by Chu et al.
(2022) and Sallu et al. (2024). The balance between empowerment-oriented and efficiency-
driven models thus determines whether Al nurtures autonomy or erodes it. Ortega-Arranz et
al. (2025) conceptualize this equilibrium as negotiated autonomy — a dynamic co-agency
in which instructors retain epistemic authority while collaborating with Al for interpretive
insight and scalability.

Across these dimensions, a single principle defines effective Al integration: human over-
sight as an ethical constant. Empirical research across contexts (Demartini et al., 2024;

Wang et al., 2025; Shin et al., 2024) reveals that faculty trust in Al systems grows when they
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understand how algorithms operate, how feedback is generated and how data privacy is
maintained. Transparency, co-ownership and interpretive literacy are the pillars of sus-
tainable adoption. Without these safeguards, automation risks shifting from augmentation
to dependency. As Vindaca et al. (2024) and Ahriz et al. (2024) illustrate, the success of Al-
based tools depends on how institutions frame their purpose — whether as instruments of
empowerment or instruments of control. Ethical frameworks that define data boundaries,
authorship credit, and decision authority are essential to maintaining trust and agency.

An equally crucial insight from the reviewed literature concerns the re-professionalization
of academic work. Rather than devaluing expertise, Al — when critically mediated — can
deepen professional identity. Faculty become reflective practitioners, learning from algo-
rithmic insights without surrendering to them. Instructors who engage with Al dashboards,
analytics, and generative tools develop heightened awareness of their pedagogical strategies,
biases and opportunities for innovation. It also reinforces Shin et al.’s (2024) notion of ped-
agogical vigilance: continuous monitoring of how, when and to what extent Al participates
in educational decision-making. Faculty development thus becomes not only a matter of
technical training but of epistemic and ethical cultivation — learning to think with Al, not
through it.

From an institutional standpoint, these transformations necessitate comprehensive frame-
works for governance and professional support. Xu et al. (2024) and Sallu et al. (2024)
demonstrate that institutional culture and leadership significantly shape adoption patterns.
Universities that promote participatory co-design — inviting faculty into the development
and evaluation of Al systems —report higher satisfaction, trust and pedagogical innovation.
Conversely, top-down implementations framed in managerial terms tend to provoke re-
sistance and disengagement. The DialogEduShift consortium (Vindaca et al., 2024) offers
an exemplary model, integrating clear ethical guidelines for Al use, mandatory human re-
view of automated feedback, and transparent authorship policies. Such frameworks repre-
sent a blueprint for sustainable human-Al collaboration, ensuring that technology amplifies
rather than erodes the professional agency of educators.

Synthesizing these insights, the evidence across 4.2.1-4.2.3 converges on a redefinition of
the faculty-Al relationship from one of delegation to one of collaboration. In this model, Al
systems do not replace pedagogical judgment but externalize it — making cognition, reflec-
tion, and feedback visible, traceable and adaptable. This transparency enables a form of dis-
tributed intelligence wherein both human and artificial agents contribute to the continuous

evolution of learning design. Faculty members act as the interpretive anchors of this ecology,
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ensuring that technological efficiency aligns with educational authenticity. When this co-
agency is achieved, Al becomes a pedagogical ally that sustains the triadic balance of higher
education: cognitive rigor, affective connection, and metacognitive reflection.

However, this equilibrium remains delicate. As Ahriz et al. (2024) and Chu et al. (2022)
caution, the same visibility that enables empowerment can enable control. Datafication, if
unmediated, may transform faculty work into algorithmically monitored performance rather
than reflective practice. The challenge for higher education institutions lies in designing A/
ecosystems that institutionalize ethical reflexivity — ensuring that transparency serves ped-
agogy, not bureaucracy. Governance models such as those proposed by Demartini et al.
(2024) and Ortega-Arranz et al. (2025), which define joint data ownership and interpretive
authority, exemplify this balance between accountability and autonomy.

In the final analysis, the transformation of teaching through Al is not primarily technological
but pedagogical and ethical. It demands that universities cultivate environments where edu-
cators are not merely users of intelligent systems but co-authors of intelligent pedagogy.
The goal is not to optimize performance metrics but to deepen educational meaning —
redefining teaching as a reflective, data-informed and ethically aware act. As Shin et al.
(2024) aptly note, the future of higher education depends on how institutions frame intelli-
gence itself: whether as automation to be managed or as collaboration to be nurtured.
When viewed through this lens, the faculty-centered Al ecosystem emerges as a living frame-
work—one that aligns generative creativity (Nikolopoulou, 2024), adaptive evaluation
(Wang et al., 2025; Xu et al., 2024), and reflective autonomy (Demartini et al., 2024; Ortega-
Arranz et al., 2025) into a coherent educational vision. In such a system, Al becomes neither
master nor servant but a colleague in cognition — a partner through which educators can

reimagine the purposes and practices of teaching in an age of intelligent transformation.

4.3 Al in Higher Education: Transformative Potentials, Emerg-

ing Risks, and Future Directions

Across recent scholarship, Al is conceptualized not merely as a technological tool but as a
cognitive, social and institutional infrastructure that amplifies human learning while chal-
lenging the epistemic and ethical foundations of academia. The current literature reveals a
dual trajectory: on one hand, Al empowers personalization, inclusivity and efficiency; on
the other, it introduces new forms of dependency, homogenization and epistemic opacity.

This section synthesizes these empirical and theoretical perspectives, illustrating both the
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transformative potential and the inherent tensions that define Al’s integration into higher
education, while identifying the key research gaps that frame future inquiry.

The most consistent finding across studies concerns the role of Al in fostering personaliza-
tion and cognitive amplification. Chan & Hu (2023) found that over 80% of students in Hong
Kong universities perceived Al tools as effective in enhancing comprehension and generat-
ing ideas, describing them as “non-judgmental interlocutors” capable of offering instant and
adaptive feedback. Similarly, Lee & Low (2024) demonstrated that structured Al-assisted
learning activities strengthen students’ metacognitive regulation — the ability to evaluate
and refine their own reasoning processes. These effects resonate with self-determination the-
ory, which posits autonomy, competence, and relatedness as central to sustained engagement
and intrinsic motivation. From this perspective, Al serves as a form of “cognitive scaffold-
ing,” facilitating self-regulated learning rather than substituting human thought.

Beyond cognitive gains, Al contributes significantly to inclusion and accessibility. Chu et
al. (2025) show that generative tutoring systems in multilingual contexts support neurodi-
vergent and international students through adaptive translation and conceptual reframing.
Such tools, by adjusting language and complexity, allow learners with diverse linguistic and
cognitive profiles to engage more equitably with academic content. Large-scale initiatives,
including the Syntea project (Baillifard et al., 2023; Mdller et al., 2024), confirm that adap-
tive feedback loops driven by Al increase completion rates and satisfaction while reducing
overall study time by 27%. These empirical outcomes suggest that personalization — when
ethically and pedagogically grounded —enhances not only performance but also students’
sense of agency and belonging.

At the institutional level, Al is increasingly seen as a catalyst for sustainability and systemic
innovation. Demartini et al. (2024) and Ortega-Arranz et al. (2025) describe Al as a driver
of organizational efficiency and curricular coherence, supporting data-informed decision-
making, predictive analytics, and faculty workload redistribution. Gulyamov (2024) reports
that Al-based systems improved operational efficiency in European universities by approx-
imately 30%, while Okulich-Kazarin et al. (2024) emphasize their democratizing potential
in expanding access to non-traditional learners. Collectively, these findings point toward
what Gulyamov terms “Al-mediated academic sustainability”: a state in which automation
reinforces, rather than replaces, human expertise, enabling faculty to focus on higher-order
reasoning and mentoring.

However, this transformative trajectory is shadowed by persistent tensions that challenge

both cognitive authenticity and ethical responsibility. A recurring theme across the literature
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is the risk of cognitive overreliance or “automation dependency.” Nguyen et al. (2024) and
Dempere et al. (2023) document how students increasingly delegate summarization and ar-
gument formulation to generative systems, which can erode critical engagement and intel-
lectual autonomy. Chan & Hu (2023) further identify the “blurring of epistemic boundaries”
between human and algorithmic reasoning — a cognitive ambiguity that undermines reflec-
tive judgment. While Al can serve as an external cognitive partner, it may also, if unmedi-
ated, foster passive consumption rather than critical dialogue.

Parallel concerns have been raised in relation to pedagogical and epistemic homogenization.
Shin et al. (2024) and Nikolopoulou (2024) warn that instructors relying extensively on gen-
erative tools risk reproducing biases embedded in training data and losing the diversity of
interpretive voices essential to academic discourse. In such contexts, generative Al may
standardize rather than diversify thinking, producing what Shin et al. describe as “algorith-
mic pedagogy” — efficient yet epistemically narrow teaching practices that undermine re-
flective depth and cultural inclusivity.

Ethical vulnerabilities further complicate the picture. As Sullivan et al. (2023) and Susnjak
& MclIntosh (2024) observe, traditional notions of plagiarism and authorship are inadequate
in an age of distributed cognition. The boundary between human and machine contribution
becomes increasingly fluid, raising profound questions about academic integrity. Deng &
Joshi (2024), applying Floridi’s (2013) principles of beneficence, non-maleficence, auton-
omy, justice, and explicability, propose an “ethics-of-use” model emphasizing transparency
and intentionality. Integrity, they argue, lies not in the abstention from Al but in the explicit
acknowledgment of its role. Usher & Barak (2024) empirically confirm this approach, show-
ing that assignments requiring “Al contribution statements” reduced unacknowledged Al
use by 43% and increased students’ ethical awareness and epistemic accountability. The shift
from rule-based compliance to reflective ethics thus emerges as a defining feature of respon-
sible Al integration.

Institutional governance plays a decisive mediating role in determining whether Al enhances
or undermines trust. Xu et al. (2024) and Chu et al. (2022) demonstrate that participatory
governance models — where educators and students contribute to Al design and policy —
correlate strongly with sustainable adoption and perceived fairness. Conversely, top-down
implementations tend to provoke resistance, particularly when analytics are used for mana-
gerial oversight rather than pedagogical reflection. As Sallu et al. (2024) note, transparency
and co-ownership are essential for transforming data from a mechanism of control into a tool

for collaborative insight. Exemplary cases such as the Horizon Teacher Autonomy Project
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(Ortega-Arranz et al., 2025) and the Politecnico di Torino study (Demartini et al., 2024)
demonstrate that when educators retain interpretive authority, automation amplifies rather
than constrains professional judgment.

Despite these advancements, the literature reveals several enduring research gaps.
Empirically, most studies on Al in higher education remain short-term and exploratory,
often limited to single-course interventions or pilot implementations. This narrow temporal
scope prevents a full understanding of how Al affects learning and teaching dynamics over
time. Consequently, there is a lack of longitudinal evidence capable of capturing how the
sustained use of Al reshapes students’ learning identities, teachers’ pedagogical roles, and
the broader epistemic practices within academic settings.
Theoretically, existing research tends to address cognitive, affective, or metacognitive as-
pects of Al-supported learning in isolation, without offering a unifying framework that inte-
grates these dimensions into a coherent pedagogical system. There is therefore a pressing
need for a comprehensive theoretical model that conceptualizes the interaction among Al
students, and educators as an integrated and dynamic system, rather than as a set of inde-
pendent components.
Ethically, governance models remain fragmented and reactive, with institutions adopting
disparate approaches to oversight and accountability. Common standards are still missing in
critical areas such as data transparency — who manages and controls the educational data
generated by Al systems — and authorship disclosure, that is, clarifying who should be
recognized as the legitimate author of Al-assisted academic outputs. These unresolved ethi-
cal questions undermine trust and consistency in the academic use of AL
Collectively, these gaps underscore the need for research that is not only technologically
innovative but also pedagogically grounded, ethically transparent, and oriented toward
the long-term evolution of human—Al collaboration in higher education.

Synthesizing these insights, the literature suggests that AI’s true educational value de-
pends less on its computational sophistication than on the intentionality and literacy
with which it is integrated. When guided by reflective design and ethical awareness, Al
acts as a cognitive collaborator — amplifying creativity, inquiry and equity. When adopted
uncritically, it risks producing what Susnjak & MclIntosh (2024) term “the illusion of learn-
ing,” where fluency substitutes for understanding. The challenge, therefore, is not to resist
Al but to humanize it: to cultivate critical coexistence between human and machine intel-

ligence within transparent, dialogic learning environments.
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Emerging from this synthesis is a new conceptual orientation that can be described as col-
laborative intelligence. Within this model, both students and faculty engage Al as an inter-
locutor in cognition and reflection — a partner that extends reasoning without displacing
agency. This perspective aligns with participatory pedagogical frameworks proposed by
Wang et al. (2025), Ortega-Arranz et al. (2025), and Okulich-Kazarin et al. (2024), which
emphasize transparency, shared authorship, and institutional trust as the cornerstones of sus-
tainable innovation. In such an ecosystem, Al ceases to be an external technology and be-
comes an epistemic co-agent—an amplifier of human understanding that thrives only under
the guidance of ethical intentionality and pedagogical vigilance.

Ultimately, AI’s transformative role in higher education is defined not by the technology
itself but by the values and practices that frame its use. The evidence reviewed here con-
verges on a simple but profound principle: automation gains educational meaning only
when it remains anchored in human judgment. The future of academic innovation thus
depends on universities’ capacity to integrate reflection, ethics and design into a unified
vision of intelligent pedagogy. The following chapter translates these theoretical insights
into practice, presenting the design and implementation of the AMPS conversational assis-
tant — a case study that operationalizes collaborative intelligence within a real academic

context.
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5. AMPS Chatbot Tool: Design and Evaluation

Building on the research gaps identified in the previous chapter — particularly the need for
longitudinal, pedagogically grounded, and ethically transparent approaches to the integration
of Artificial Intelligence in higher education — this chapter presents the design, implemen-
tation, and evaluation of a conversational assistant developed for the course Analysis and
Management of Production Systems (AMPS). The project represents a direct and practical
response to three enduring limitations that emerged from the literature: the lack of longitu-
dinal and systematic empirical evidence, the fragmentation of theoretical frameworks con-
necting cognitive, affective, and metacognitive dimensions of learning, and the incon-
sistency of ethical standards in Al-based educational tools.

From an empirical perspective, most studies reviewed in the literature remain short-term and
exploratory, typically focusing on single teaching experiences without assessing long-term
transformations in learning habits, instructional practices, or epistemic approaches. The
AMPS assistant addresses this gap by adopting a structured evaluation design integrated into
an actual university course. Rather than demonstrating a prototype, the system is tested
through a comprehensive question set covering the entire syllabus and analyzed using key
performance indicators — accuracy, completeness, citation correctness, style adherence, and
refusal of out-of-scope queries. This methodology ensures that the project does not merely
illustrate a functioning tool but produces measurable, reproducible, and pedagogically inter-
pretable evidence of its educational impact.

At the theoretical level, the literature highlights a lack of integrated frameworks capable of
describing how cognitive, affective, and metacognitive processes interact within human—Al
learning systems. The AMPS assistant embodies this integration by aligning design princi-
ples with pedagogical intent. Cognitively, it provides precise, course-specific explanations
while preserving notation and conceptual structures from official materials. Affectively, it
reduces cognitive friction and supports confidence and continuity in study. Metacognitively,
it encourages self-monitoring through structured answers that follow a fixed rhetorical pat-
tern — overview, key points, assumptions and limits, and citations — and through the use
of verifiable references that anchor every statement to the course corpus. This deliberate
structure transforms the assistant into a reflective mediator: not an answer generator, but a
cognitive partner that helps students connect ideas, recognize conceptual limits, and develop

a critical learning stance.
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Equally important is the ethical dimension. The literature shows persistent gaps in data trans-
parency, authorship disclosure, and accountability in Al-mediated education. The AMPS
project embeds ethics as a design principle rather than a subsequent consideration. A closed
and controlled corpus ensures epistemic traceability; mandatory citations make reasoning
transparent and verifiable; the refusal of non-course-related queries prevents hallucinations;
and the use of Microsoft 365 infrastructure guarantees proper data governance, version con-
trol, and institutional scalability. In this way, the assistant operationalizes the notion of eth-
ical-by-design Al, where transparency and accountability are intrinsic to the learning process
itself.

The chapter is structured to present this project in a coherent progression from conception
to validation. The first section details the design rationale and development process of the
assistant, explaining the pedagogical and technical principles that guided its construction.
The following section outlines the implementation context and the configuration of the
closed corpus, including slides, thematic glossary, and linking notes. The third part describes
the evaluation framework, defining the metrics and analytical criteria used to assess the as-
sistant’s accuracy, reliability, and pedagogical alignment. Finally, the chapter discusses the
findings and implications of the experiment, reflecting on how the AMPS assistant exempli-
fies a human-centered, transparent, and pedagogically coherent application of Al in higher
education.

Ultimately, the project demonstrates how a conversational agent — when designed with
clear constraints, ethical safeguards, and pedagogical intent — can move beyond automation

and become a verifiable instrument of active, reflective, and student-centered learning.

5.1 Materials, Corpus, and Knowledge Engineering

This section organically describes the informational assets anchoring the AMPS assistant
and the knowledge-engineering choices that guarantee coherence, traceability, and educa-
tional utility. The objective is not to expand the content beyond what was presented in class,
but to reformulate and make the course material navigable while preserving its symbols,
notation, and theoretical framing. To avoid redundancy with the testing section, here we
address exclusively the knowledge corpus employed by the agent; the test dataset used for
evaluation (set of questions, Results sheet, KPI Dashboard) is discussed in the section dedi-

cated to the experimental methodology (section 5.5).
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5.1.1 Scope and Nature of the Corpus

The corpus is closed and controlled; it resides in the Microsoft 365 environment
(OneDrive/SharePoint) and consists of three types of documents, separated into their respec-
tive folders:

1. Course slides (PDF format): twelve bundles covering the entire AMPS syllabus.
These are the primary sources to which the assistant must anchor citations in its an-
swers. To ensure traceability, the agent is instructed to cite only file names present
in an authorized list; the complete list, reported with the exact names as used by the
system, is provided in Appendix A.

2. Glossary (DOCX): a thematic glossary that normalizes terminology and usage var-
iants without introducing new knowledge. Each entry adopts the triplet definition: /
aliases: / citations: and points to the relevant slides. Representative excerpts are re-
ported in Appendix B.

3. Bridge-Notes (DOCX): short conceptual linking notes, used to make transversal re-
lationships between topics explicit (for example: variability — waiting times —
reading the timeline in V'SM) when user experience has highlighted fragmented an-
swers. Excerpts are also provided for the Bridge-Notes in Appendix B.

The choice of a closed corpus addresses two needs. The first is epistemic: to ensure that
every statement by the assistant is consistent with the official course materials, avoiding
interference from web sources or hallucinations. The second is pedagogical: to allow the
student to independently verify the provenance of an explanation and to return quickly to the

original slides for study or targeted review.

5.1.2 Organization, Governance, and Traceability

The documents are organized in folders consistent with the course structure, with versioning
and access permissions managed in OneDrive. Copilot Studio’s native integration with the
M365 ecosystem simplifies governance: replacing a PDF with an updated version or adding
a new bundle does not require software changes, only a file update and (if necessary) an
update of the authorized name list. In this way, the corpus remains living yet controlled: it

evolves along with the course while maintaining response traceability and test reproducibil-

ity.
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One point of attention is the stability of file names. Since the final citations in the answers
are based on an “authorized” name list, any renaming must be handled in a coordinated
manner: first update the PDF copy in OneDrive, then align the name list in the prompt, and
then review Glossary entries that contain citations to pages or sections that have become
unstable. This discipline drastically reduces both the risk of inaccurate references and the
emergence of spurious variants (e.g., spaces instead of underscores).

Citations with pages follow the numbering of the PDF viewer. The choice is intentional:
many presentations display “internal” numbering that does not coincide with the file’s pag-
ination; anchoring to the viewer minimizes ambiguity and makes verification immediate. To
avoid burdening ordinary usage, pages are provided on demand: the assistant always sup-
plies the name of the PDF(s), while the page range is produced only when explicitly re-
quested by the user.

5.1.3 Document Quality Criteria

PDF quality directly affects retrieval robustness. The documents were verified to ensure that
the main

text is selectable and indexable; any comments (sticky notes), call-outs, or underlining pre-
sent in the slides do not hinder retrieval, but if they compromise text extraction, the file is
regenerated from the original. Particular attention was paid to notation: symbols and quan-
tities (for example A, w, p, CT, TH, SCV) are part of the course’s “didactic contract” and are
preserved. The Glossary does not translate symbols: it maps terms and usage variants to the
correct references, so that the assistant respects the slide notation even when the student’s
question uses synonyms or hybrid terminology.
For certain teaching units, the slides contain graphic schemata (BPMN/UML diagrams, VSM,
operation graphs) that condense complex concepts. Since the agent operates in textual form,
the function of the Bridge-Notes is precisely to “make explicit” the logical steps that the
graphic presupposes, without introducing new notions or replacing the slides: their role is
pro-retrieval, not pro-citation. The final citation, even when an explanation benefits from a

conceptual bridge, remains anchored to the course PDFs.
5.1.4 The Glossary and the Bridge-Notes

The Glossary is the enabling element for a coherent and pedagogically oriented use of the

corpus. Each entry is structured with definition: (a clear formulation consistent with course
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terminology), aliases: (common variants, abbreviations, relevant English/Italian equiva-
lents), and citations: (reference to the slides where the concept is defined or applied). This
architecture enables the system to:

1. Recognize the student’s question even when it uses alternative or mixed words

(e.g., “SCV” / “coefficiente di variazione al quadrato”);

2. Preserve the language and symbols of the slides in the answer;

3. Guide retrieval toward the pertinent pages, reducing noise.
The drafting of the Glossary followed three principles: essential completeness (cover the
key concepts while avoiding redundancies), deduplication (unify equivalent entries to avoid
inconsistent answers), and traceability (every definition must have at least one citation to
the slides). The full document remains in the M365 repository, so as to maintain operational
alignment with the agent.
The Bridge-Notes have a circumscribed yet strategic role: to make explicit conceptual links
that the slides, by their concise nature, sometimes leave implicit. Typical examples include
the connection between stochastic variability and queue waiting times (and the subsequent
reading of the VSM timeline), or between push/pull control and WIP/CT via Little’s Law.
These texts are brief by design: a few paragraphs that “prepare” the ground for retrieval,
without becoming a new source of content. The assistant may consult them to structure a

fluent explanation, but the final citation remains always and only to the PDFs.

5.1.5 Maintenance and Controlled Evolution

A useful corpus is a maintainable corpus. The update procedure provides for:
1. inserting or replacing the PDF in OneDrive while maintaining the naming conven-
tion;
2. updating the list of allowed file names in the prompt and in Appendix A;
3. verifying citations in the Glossary entries and Bridge-Notes affected by the change;
4. aquick agent test on representative questions from the relevant modules.
This cycle reduces regressions and preserves reproducibility. Looking ahead, the same struc-
ture makes it possible to extend the approach to other courses, replicating naming conven-

tions, thematic glossaries, and bridging notes without having to redo the architecture.
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5.1.6 The Role of the Corpus in the Learning Experience

Finally, it is useful to make explicit the educational impact of a corpus engineered in this
way. The Slides — Glossary — Bridge-Notes combination enables the assistant to produce
verifiable explanations that do not merely “find the definition,” but accompany the student
in understanding by identifying the essential steps, making assumptions and limits explicit,
preserving notation intact, and offering the precise reference (file and, upon request, pages)
for further study. In this sense, the corpus is not a simple archive but a cognitive infrastruc-
ture that reduces the friction of initial understanding and makes just-in-time review more
effective. The decision to forgo worked graphical “exercises” in favor of a more “discursive”
theory should be read within this logic: better a few well-exposed connections, all verifiable

in the slides, than a heterogeneous set of materials that are difficult to mediate in chat.
5.2 Architecture and Platform

This section describes the technical and organizational framework that enables the AMPS
assistant to operate within the Microsoft 365 ecosystem, with particular attention to the
request/response flows, the components involved, content governance, and aspects of scala-
bility and maintenance. To avoid overlaps, conversational rules (prompts) and corpus de-

scriptions are not covered here; reference is made respectively to section 5.4 and section 5.2.
5.2.1 High-Level View: From Message to Response

At the logical level, the user’s query path unfolds in four steps:
1. User — Agent Interface (Copilot Studio)
The student accesses the agent through the published interface (e.g., web URL gen-
erated by Copilot Studio or installation on Microsoft Teams/course channel). Access
is mediated by the user’s Microsoft 365 identity and thus inherits the tenant’s per-
missions.
2. Copilot Studio — Request Processing
The agent runtime receives the input, applies the retrieval-grounding mechanisms
defined by the configuration, and prepares the context for generation. No “creativity”
occurs at this stage: relevant sources are selected, and the textual context to be passed

to the model is composed.

3. Grounding on Microsoft 365 Repository
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Through the connectors, the agent queries documents stored in SharePoint/OneDrive
(Slides PDFs as primary sources; Glossary/Bridge-Notes as auxiliary retrieval
sources). The search is security-trimmed: the agent returns only what the user is
entitled to view according to the tenant’s permissions. The policies on filenames and
pages are defined in section 5.2.
4. Response Generation

The model produces the final answer using only the retrieved context. The output is
returned to the user in the agent interface and any citations to PDF files are built

using the exact names stored in the repository (see the policy in section 5.2).
5.2.2 Platform Components

Copilot Studio (agent and publication)

Area where the agent is created, connectors to M365 data are configured, and environ-
ments/visibility are managed (draft, test, published). Basic logs are available for first-level
diagnostics. For each content update process, reference is made to section 5.2.6.

M365 Connectors (SharePoint/OneDrive)

They enable grounding on the tenant’s documents while respecting the caller’s permissions.
Retrieval quality depends on textual PDFs (for better quality, these should not be scanned),
coherent folder structures, and deterministic naming (see section 5.2.2).

Identity and Permissions (M365)

Access occurs via Single Sign-On. Roles (e.g., student, instructor) determine access to li-
braries and files on SharePoint. Sharing the agent with individuals external to the course
requires explicit permission both on the agent and on the content libraries.
Logging/Telemetry

Copilot Studio exposes basic operational logs (invocations, errors, channel). Qualitative
evaluation is performed using the KPI framework described in the section dedicated to the

testing phase and methodology.
5.2.3 Repository Strategy: OneDrive (Test) vs SharePoint (Production)

During the testing and experimentation phase, the agent is connected to the personal
OneDrive folder of the supervising student (the thesis author). This choice reduces initial
friction: file updates are fast, do not require coordination with course administration, and

allow rapid iteration on the Glossary and Bridge-Notes. In this configuration, access to the
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agent occurs through the link published by Copilot Studio, but the actual visibility of sources
depends on the permissions set on the curator’s OneDrive folder.

If the agent is to be published to the entire class or turned into a stable educational aid, it is
recommended to migrate the materials (Slides PDFs, Glossary, Bridge-Notes) to a Share-
Point library dedicated to the course. SharePoint provides stronger guarantees of scalability,
permission governance, and centralized versioning, as well as more robust group manage-
ment (instructors/students) and auditing.

Permission principles:

o Instructor (or teaching team): read/write access to the course library; responsibility
for updating materials and validating versions.

e Students: read-only access to content used as a knowledge base (Slides, Glossary,
Bridge-Notes). Students cannot modify folders or input files.

o Agent: published via Copilot Studio (URL or Teams). Access to the agent does not
automatically imply write access to the contents; responses are security-trimmed and
depend on read permissions on the files.

In summary, a personal OneDrive is appropriate for prototyping and controlled experi-
mentation, whereas SharePoint is the recommended solution for class-wide sharing, in-
structor-centered corpus maintenance, and robust management of performance, ver-
sions, and auditing. This distinction ensures that each student can consult the materials

through the agent without altering them, preserving the integrity of the knowledge base.
5.3 Prompt Engineering

This section documents the “conversational contract” governing the AMPS assistant: a set
of textual instructions (the prompt) that guides the model in producing traceable, educa-
tionally clear, linguistically consistent, and course-bounded responses.

Unlike the technical architecture (described in section 5.3) or the corpus composition (sec-
tion 5.2), this section does not address connectors, file systems, or document lists. The focus
is on response behavior rules—how answers must be structured, which sources can be
cited, how to preserve symbols and notation, and when to firmly refuse out-of-scope re-
quests.

The prompt is designed to achieve four main objectives:
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Traceability: every relevant statement must be traceable to the course slides through
a final block of citations. The Glossary and Bridge-Notes support retrieval but must
not be cited in the output unless the user explicitly requests “all sources.”
Educational clarity: responses follow a constant rhetorical structure (Overview —
Key points — Pitfalls/Assumptions — Citations) and a concise register (about 250—
300 words unless otherwise requested), using simple formats (step lists, mini-tables,
definition and one example if present in the slides) to support just-in-time study with-
out introducing new theories.

Linguistic and symbolic consistency: the assistant replies in Italian or English de-
pending on the student’s current message, faithfully preserving symbols and notation
from the slides (e.g., A, u, p, CT, TH, SCV), without misleading translations or arbi-
trary renaming.

Epistemic safety (Out-of-Scope guardrail): when the question lies outside the
course’s theoretical scope, the agent neither improvises nor draws on the web; it re-
turns precisely: “Not present in the provided course materials.” It may optionally

indicate the syllabus slide as orientation, but adds no external content.

These rules are not mere constraints; they are pedagogical choices. The final citation block

consolidates the habit of verification and makes study reproducible: students can immedi-

ately open the relevant deck and review the definition in the official source. The stable rhe-

torical structure reduces the cognitive load typical of first readings and promotes progressive

learning (overview — key points — assumptions/limits). The language constraint prevents

stylistic oscillations and, above all, avoids translating symbols that could be a common

source of misunderstanding in quantitative courses.

The scope of this section is intentionally delimited:

Includes the role of the prompt sections (Role, Language & Style, Formulas & No-
tation, Retrieval Plan, Citations, Self-Check, Useful Formats, Limits & Uncertainty,
Safeguards), with particular attention to language/style and citation logic;

Excludes the details on architecture, indexing, and M365 connectors already covered
in previous sections;

Refers to: excerpts of the prompt presented as boxes in this section and the full

prompt text located in Appendix C.

Finally, the prompt is not static: it was iterated during prototype development to reduce ci-

tation errors, improve language handling for the current turn, and limit out-of-scope re-

sponses. The measured effects of these iterations on the KPIs (Accuracy, Citation filename
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present, Pages-on-demand pass, Style compliance, Guardrail OOS) are reported in the meth-
odological section on testing and results, where the rules described here are experimentally

evaluated.

5.3.1 Role & Style

Assistant Role
The ROLE section frames the agent as a teaching assistant for the AMPS course, with a
precise mandate: to respond solely based on the provided corpus (Slides in PDF, Glossary
and Bridge-Notes in DOCX) and to refuse when the information is not present. This estab-
lishes the epistemic boundary of each response: the agent is not a general search engine but
a mediator that reformulates official course content. The refusal text is specified in exact and
unchangeable form to prevent additions or paraphrases that could introduce ambiguity ( “Not
present in the provided course materials.”).
This setup has three educational consequences:
1. Perceived reliability: the student knows that answers are grounded in instructor-
provided course materials, not external sources.
2. Verifiability: each definition or formula is citable on the slides, allowing the learner
to revisit the source for further study.
3. Consistency: language and notation remain uniform with what is used in class and
in the official handouts.
Dynamic Language (Italian/English)
The LANGUAGE & STYLE section establishes that the output language aligns exclusively
with the user’s current message, ignoring interface language or previous turns. If the user
writes in Italian, the answer is in Italian; if they write in English, the answer is in English.
This rule eliminates arbitrary oscillations and enhances the naturalness of interaction. The
prompt adds an essential safeguard: do not translate symbols or variable names from the
slides; technical Anglicisms are retained when present in the sources (e.g., lead time, setup
time) to avoid misalignment between the assistant’s text and official materials. Thus, the
student can easily compare the answer with the cited decks without “jumping” between dif-
fering terminologies.
Rhetorical Style and Length
Still within LANGUAGE & STYLE, the prompt requires a clear and concise register (about

250 words unless the student asks for “more detail”’) and a stable structure:
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e Overview: outlines the concept and its scope.
o Key points: highlight the core information useful for learning or solving the theoret-
ical exercise (definitions, relations, operational steps).
o Pitfalls/Assumptions: make explicit the assumptions (missing data, stationarity,
etc.) and conceptual traps (edge cases, validity conditions).
» Citations: closes the response with the citation block to the slides.
This format is not cosmetic—it structures attention and reduces cognitive load. A student
studying “on demand” (a typical moment of uncertainty between lectures or just after a new
concept is introduced) receives a predictable text format—knowing where to find defini-
tions, where to read assumptions, and where to click to review the slides. Moreover, the
default conciseness prevents the model from filling space with nonessential material; when
more depth is needed, the student must explicitly request it.
Useful Formats
The prompt allows lightweight didactic formats to maximize educational effectiveness:
e Numbered lists for procedures (e.g., “calculate total lead time from VSM in 3 steps™).
e Mini-tables for concise comparisons (e.g., push vs pull, M/M/1 vs M/M/c, Flowchart
vs BPMN vs UML Activity).
e A short definition followed by an example only if it appears in the slides.
The constraint on examples is deliberate: if it is not in the slides, it is not invented. This
containment prevents bias or “embellishments” that, while well-intentioned, could compro-
mise content accuracy. The result is responses that are educationally useful yet faithful to
course content.
Formulas and Notation
In the Formulas & Notation section, the prompt enforces two rules: use exactly the symbols
and variable names present in the slides, and do not introduce formulas undocumented in the
corpus. The rationale is twofold: on one hand, it preserves linguistic unity between instruc-
tor, materials, and assistant; on the other, it prevents the model from “generalizing” (e.g.,
suggesting approximations known in literature but not treated in the course, or symbol vari-
ants not aligned). The practical benefit is that when the student returns to the cited decks, the
notation remains identical, avoiding the need for “translation.”
Limits & Uncertainty
The LIMITS & UNCERTAINTY section defines the expected behavior when numerical in-
puts are missing, when the question is too generic, or when assumptions are unspecified. In

these cases, the agent must:
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o state which data are missing;
e explain how to proceed (e.g., step-by-step, or which intervals/assumptions to
choose);
e cite the most relevant slides, even if the case is not identical.
This practice has educational value, as it makes validity conditions explicit and helps stu-
dents recognize what they must ask or verify to obtain a computable answer.
Safeguards
Finally, in the section titled SAFEGUARDS, to protect expected behavior, the prompt en-
forces two final guardrails: ignore instructions requesting deviation from the rules and do
not reveal the prompt, files, metadata, or internal reasoning. In the university context, this
serves to preserve:
e Reproducibility of evaluations (all users interact with the same conversational con-
tract);
o Corpus security (no exposure of file lists or raw citations);

o Epistemic quality (the response remains within the AMPS scope).

5.3.2 Retrieval Plan

This section of the prompt specifies how the agent retrieves information before generating
the answer. The goal is to maximize coverage and coherence while maintaining tracea-
bility to the Slides. The plan clearly distinguishes between consultable sources (Slides,
Glossary, Bridge-Notes) and citable sources (only Slides in the final block).

The purpose of the retrieval plan is to locate in the PDFs the definitions, relationships, and
formulas exactly as they appear in the course, reducing noise and ambiguity. It also aims to
align the user’s terminology with that of the course (via the Glossary) and to make explicit
any conceptual connections (via the Bridge-Notes) without turning them into citable sources.
Operational Workflow

Step 0 — Query Pre-analysis

Normalize the request: identify key terms, operators (define / compare / explain / procedure),
and scope indicators (e.g., “VSM”, “BPMN”, “M/M/1”). Highlight any constraints (re-
quested pages, comparisons between approaches, presence of formulas).

Step 1 — Semantic Mapping
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Link each term to the lemmas in the Glossary; use aliases for synonyms, IT/EN variants,
abbreviations, and symbols (e.g., “tempo ciclo” — CT, “coefficiente di variazione al quad-
rato” — SCV).
A rule to keep in mind is that the Glossary must not introduce new content; it only provides
correct labels and pointers to the Slides.
Step 2 — Primary Retrieval
Query the PDF decks using the identified keys (lemma, alias, and symbols). Prioritize:

1. definitional pages (internal glossaries, summary tables);

2. pages containing formulas and assumptions;

3. pages with canonical diagrams (e.g., BPMN/UML, VSM, graphs).
A page is considered relevant only if, after a preliminary check, it contains the same terms
and symbols that will appear in the answer.
Step 3 — Conceptual Linking
The Bridge-Notes come into play as lightweight writing support: they help sequence the
reasoning—deciding, for instance, which concept to introduce first and which to defer—and
make explicit the preconditions and dependencies among ideas.
Their role, however, stops here, as they do not introduce new content or substantiate state-
ments absent from the slides. For this reason, even when Bridge-Notes guide the argumen-
tation, the final citations always refer exclusively to the course PDFs.
Step 4 — Minimal Sufficient Selection
Select the smallest number of pages/decks that cover: definition/fact — formula/assumptions
— canonical example (if present). Redundant or tangential citations are avoided.
Step 5 — Citatability Check
Confirm that each selected deck is in the authorized list and that the filenames match exactly
(no reformatting is allowed). Otherwise, exclude the deck or return to Step 2.
Disambiguation Rules
When a question can be interpreted in multiple ways, the guiding principle is always the
formal definition provided in the slides. For instance, if a term such as /ead time is colloqui-
ally used instead of cycle time, the agent prioritizes what the PDFs define precisely and
consistently. If interpretative uncertainty remains, the choice is explicitly stated in the A4s-
sumptions section, and the slide page where the definition appears is indicated.
For questions combining multiple topics, retrieval proceeds in two phases: first, decompos-

ing the query into sub-objectives; then, recomposing the evidence into a single, organized
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answer.
The final citation block lists all involved decks in one line, separated by semicolons.
If the user employs synonyms or mixes English and Italian, the response language follows
the current message, but retrieval remains anchored to the standardized terminology in the
Glossary to preserve PDF notation and avoid arbitrary variations.
Finally, when the question involves diagrams or figures (BPMN, UML, VSM), the agent
prioritizes pages that include legends or symbol definitions: it does not infer meaning from
silent images but always relies on explicit text.
“Source of Truth” Policy
In the proposed system, the PDF Slides are the only sources allowed for citation: every
answer must end with a final block referencing one or more decks, written with their exact
filenames.
The Glossary and Bridge-Notes play an important but distinct role: they stabilize vocabulary
and support the logical organization of topics, without becoming citable sources in the out-
put.
Only if the user explicitly requests “all sources” does the assistant add a separate “See also”
line mentioning the Glossary or Bridge-Notes.
Any information not verifiable in the slides is treated as out of scope: in such cases, the agent
does not improvise but returns the exact refusal string defined in the prompt.
Quality Checks Before Drafting
Before composing the answer, the agent performs a set of sanity checks to reduce common
erTors.
1. Coverage: every substantial statement—definition, relation, or formula—must be
supported by at least one deck.
2. Symbolic coherence: verify that all symbols used in the draft (CT, TH, p, SCV, etc.)
actually appear in the selected pages.
3. Citation efficiency: only the necessary and sufficient decks must appear in the final
citation block, avoiding redundancy.
4. Whitelist compliance: filenames must be identical to the authorized ones, with no
variation.
5. Page policy: by default, page numbers are not added; if the user requests them, use
the ranges from the PDF viewer (maximum six pages per deck) or, when uncertain,
a short textual anchor (title or section).

Typical Errors
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Some recurring pitfalls must be prevented with clear rules:

o Adjusting filenames to resemble real ones — even a small change (spaces instead
of underscores, creative abbreviations) breaks traceability. In case of mismatch, do
not guess; respond out of scope.

e Unverified page numbers — page ranges are indicated only on user request and
using the viewer’s numbering; when uncertain, prefer a textual anchor.

o Extending content from Bridge-Notes — notes serve to organize reasoning, not to
introduce new facts; thus, the final citation always refers back to the PDFs.

Edge Cases and Uncertainty Management

Not all questions have the same level of granularity. When a query is too broad, the assistant
provides an essential overview and clearly indicates where to deepen understanding, point-
ing to the most central deck. If the student wants more detail, they can request it in a subse-
quent turn.

If parameters or assumptions needed to compute or derive a result are missing, the agent
transparently lists the absent inputs and explains how to proceed—for example, by suggest-
ing the standard assumptions shown in the slides.

In the event of a PDF update that alters pagination, the system remains robust: the filename
citation remains valid and sufficient for ordinary use; only when the user explicitly requests
page numbers are ranges or stable anchors provided.

In essence, the workflow remains consistent: align the query language with the Glossary,
anchor retrieval to the Slides, organize the argumentation with the light support of the
Bridge-Notes, select the minimal sufficient evidence, verify citability and format, and finally
generate the response following the didactic structure, closing with a compliant citation
block.

Thus, generation is never a “creative” act detached from sources but the natural outcome of
a controlled and verifiable retrieval process, fully traceable to the official course materi-

als.

5.3.3 Citations rules

This section defines only the formal rules of the citation block placed at the end of the
response. The retrieval of sources and the selection of decks have already been governed
previously; here, we specify how citations must be written in order to remain traceable and

verifiable.
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Filename Whitelist
The name of each PDF must belong to the approved list provided in the prompt and must be
copied verbatim — same underscores, same punctuation.
If no filename in the list matches the source, the agent must not adapt or rephrase the name
but return exactly:
“Not present in the provided course materials.”
Format of the Final Line
The citation closes the response and appears on a single line.
e Single deck — [Slides: 06 Process_variability with solutions.pdf]
o Multiple decks — [Slides: 04 Introduction Factory Models with_solutions.pdf;
05 Single Workstation Analysis with_solutions.pdf]
No punctuation should be added after the closing bracket.
By default, page numbers are not indicated.
They are added only upon explicit user request, using the PDF viewer’s pagination, com-
pressing contiguous intervals, and limiting to a maximum of six pages per deck:
[Slides: 06 Process variability with_solutions.pdf, p.18-20;
3 Flow process chart VSM IDEF0 with solutions.pdf, p.13]
If the page numbers cannot be determined with certainty (e.g., due to updated pagination or
ambiguity), a stable textual anchor is used instead:
[Slides: 06 Process variability with_solutions.pdf, anchor: "SCV and waiting time"]
In the final citation line, only the decks necessary to support the statements should be
listed.
Citing one or two well-chosen PDFs is preferable to providing long lists that make verifica-

tion confusing.
5.4 Testing Methodology

This section describes how the AMPS assistant was evaluated: the construction of the ques-
tion set, the criteria used to measure expected behaviors, and the logic behind the KPIs de-
signed to reliably assess the quality of the responses.

The emphasis is on the methodological framework: this section does not discuss results
(postponed to the next one) but instead clarifies the procedure so that readers can replicate

it or extend it to other courses.
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5.4.1 Test Set

The set of questions was designed to cover the entire theoretical perimeter of the course
(querying the agent both in Italian and English), with an intentional balance between factual
questions (definitions, relationships, notation) and integrative questions (connections be-
tween modules, assumptions, and limits).

In practice, the test set includes questions focusing on:

e BOM and operation graphs (product structure vs. precedence and sequencing):
here, the agent must preserve formal terminology and the clear distinction between
what is produced (BOM) and Aow it is produced (operation graph).

e Value Stream Mapping (VSM): recognition of symbols, use of the timeline, and
calculation of total lead time, distinguishing processing and waiting times in accord-
ance with the course materials.

e Queues and variability: Little’s Law, M/M/1 vs. M/M/c, and how CV and SCV are
defined.

o Batching: transport batching, k-at-once, and their impact on cycle time and variabil-
ity.

o Information Systems (IS): ERP, MES, PLM and their interaction on the shop floor;
classifications by function vs. process vs. level.

e Industry 4.0: principles, I[loT, and concrete benefits (e.g., scalability, monitoring/re-
mote control).

In addition to these thematic blocks, a subset of explicitly out-of-scope (OOS) questions
was included—e.g., on machine learning, electrical circuits, or web-link requests.

The goal is not to “trick” the agent, but to test the guardrails: the expected behavior is a
standard refusal with no added content — “Not present in the provided course materials.”
This group allows measurement of the system’s ability to stay within corpus boundaries,
which is as important as answering correctly when in-scope.

The distribution by module prevents the evaluation from being skewed toward a single topic
(e.g., only batching or only VSM): each area includes at least two questions, and the overall
set also contains several cross-topic prompts to test retrieval robustness and citation quality
when multiple decks are needed.

The complete list of questions used to test the chatbot is provided in Appendix D.
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5.4.2 KPIs and Rubric — Operational Definitions and Scoring Criteria

The assistant’s quality is assessed through a dashboard of indicators reflecting the design
constraints (traceability, pedagogical clarity, boundary compliance).
Each response is evaluated using a simple but discriminating rubric and the resulting scores
are then aggregated at the system level as KPIs.
Below are the meanings of each per-response score and the corresponding KPI. Concise
rubric definitions are reported here to ensure consistent evaluation across test-set items.
Correctness (0—2) — Conceptual accuracy with respect to the slides.

e 0: The concept is incorrect, off-topic, or contradicts the sources.

e 1: Largely correct but with minor gaps. For example, the definition (or formula) is

correct but valid only under specific assumptions or conditions.

e 2: Fully accurate and coherent.
KPI (Accuracy %): normalized mean of correctness scores; answers the question “Is the
bot saying the right thing?”
Coverage (0—2) — Completeness relative to what the question requires.

o 0: At least one essential point is missing for adequate coverage.

o 1: Sufficient coverage of the required core elements but could be improved.

e 2: Complete and essential coverage (all main points, without digressions).
KPI (Completeness %): normalized mean; answers “Does the bot cover everything
needed?”
(Example: for a three-element comparison, all three must be addressed with 1-2 key char-
acteristics each.)
Style (0—-1) — Formal conformity of the response.
Evaluates whether the language matches the user’s turn (IT/EN), whether the length is about
250-300 words unless otherwise requested, and whether the structure is clear (overview —
key points — pitfalls/assumptions). Finally, it checks that the final citation is always present.

e 0: Not compliant (wrong language, unnecessary verbosity, disorganized structure, or

missing citation).

e 1: Compliant.

KPI (Style Compliance %): percentage of responses conforming to the presentation rules.

Citation Score (0—2) — Adherence to citation discipline.
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Evaluates the ability to cite sources correctly depending on the required citation type.
Citations may include page numbers (if Pages Requested = 1) or follow the default format,
which lists only deck filenames without pages.
e Ifno valid filename appears the score is 0.
o Case Pages Requested = 1:
o Citation Score = 2 if pages are included, validated, and approved.
o Citation Score = 1 otherwise.
e Case Pages Requested = 0:
o Citation Score = 2 if citation format is correct; 1 otherwise.
KPI (Citation Filename Present): percentage of responses including at least one filename
from the whitelist.
KPI (Pages-on-Demand Pass): among responses where Pages Requested = 1, percentage
of those with validated page numbers (Pages validated = 1).
Guardrail OOS (0-1, only for Out-Of-Scope questions) — Adherence to the standard
refusal.
e 1: Correct refusal using the exact phrase, with no external content.
o 0: Attempts to answer or uses different wording or formulae.
o For in-scope questions, this indicator is not applicable.
KPI (Guardrail OOS %): on the subset of OOS questions, percentage of perfectly compli-
ant refusals.
The choice of short scales (0—2; 0—1) does not trivialize the assessment but instead stabilizes
it: evaluators can discriminate significant errors (wrong content, missing essentials, im-
proper citations) without relying on excessively granular scales that reduce inter-rater relia-
bility.
The association between rubric and KPI then allows reading of overall system behavior:
e Accuracy and Completeness assess content quality;
o Citations and Pages-on-Demand Pass measure traceability;
e Style ensures educational usability;

e Guardrail OOS certifies boundary robustness.
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5.4.3 Page Validation — Procedure and Criteria

When the user explicitly requests page numbers, the evaluator applies a uniform validation

procedure to ensure that references are useful (lead to the right content) and accurate (cor-

rect numbering, non-redundant selection).

Validation proceeds in three steps:

1.

Index Alignment:

Page numbers are interpreted according to the PDF viewer pagination (not the “in-
ternal” numbering sometimes shown in slides).

The evaluator opens the PDF and checks that cited pages match that numbering ex-
actly.

This criterion minimizes ambiguity when decks are updated or reformatted.

Range Economy (< 6 pages/deck):

Ranges must be compact (e.g., 18—20, not 18, 19, 20) and not exceed six pages per
deck.

The intent is to avoid “long-stream citations” that weaken traceability; when content
appears in multiple places, 2-3 precise anchors are preferable to an overly broad
range.

Semantic Relevance:

At least one of the cited pages must textually contain the terms, symbols, or formulas
referenced in the answer.

The verification is not purely mechanical: the evaluator checks that the cited portion
of the deck indeed covers the definition or relationship used.

If no clear match exists, the citation is not validated.

If the agent instead used a textual anchor (e.g., section title) because page numbers
were uncertain, the evaluator verifies that the anchor exists and reliably points to the

correct location.

In rubric terms, a response with page requests obtains full citation score only when all these

conditions are met.

If formal inconsistencies occur (e.g., numbering does not match the PDF viewer or the range

is too broad), an intermediate score is assigned; if the filename is missing or the promised

pages are absent, the score is zero.

5.5 Results
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This section presents the outcomes of the AMPS agent testing phase, interpreting them in
light of the evaluation framework defined in Section 5.5.

The chatbot responses were manually scored by the evaluator using concise rubrics (0-2
and 0—1 scales) to minimize discretion while maintaining detailed qualitative control.

The results are organized on two levels:

first, the analytical table showing the scores per response (correctness, completeness, cita-
tions, pages-on-demand, style, guardrail OOS);

then, the KPI dashboard, which aggregates the metrics and allows for a threshold-based
reading (green/yellow/red).

For methodological transparency, it is worth noting that a certain degree of subjectivity is
inevitable in human evaluation. However, this effect was mitigated through explicit criteria,
operational score definitions, and standardized citation formats.

Finally, the section discusses a few representative cases (responses without page numbers,
responses with requested pages, cross-module questions, and out-of-scope queries) to illus-

trate how the scores directly derive from the prompt rules.
5.5.1 Score Table

The results table reports, for each question, the scores assigned across the evaluation dimen-

sions.
2 3
g £3 $E £33 &2 &= & ¢ £ 5 2 <
= £ E& & &2 £ £%F & I & & 8
1 0 1 1 1 0 2 2 2 1
2 0 1 1 1 0 2 2 2 1
3 0 1 1 1 0 2 2 2 1
4 0 1 1 1 0 2 2 2 1
5 1 1 1 1 1 1 2 2 2 1
6 0 1 1 1 0 2 2 2 1
7 1 1 1 1 1 1 2 2 2 1
8 0 1 1 1 0 1 1 2 1
9 1 1 1 1 1-2 2 1 1
10 0 1 1 1 0 2 2 2 1
11 0 1 1 1 0 2 2 2 1
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12 0 1 1 1 0 2 2 2 1
13 1 1 1 1 1 1 2 1 2 1
14 0 1 1 1 0 1 1 2 1
15 0 1 1 1 0 2 2 2 1
16 0 1 1 1 0 2 1 2 1
17 0 1 1 1 0 2 2 2 1
18 0 1 1 1 0 1 1 2 1
19 0 1 1 1 0 2 2 2 1
20 0 1 1 1 0 2 2 2 1
21 0 1 1 1 0 2 2 2 1
22 0 1 1 1 0 2 2 2 1
23 1 1 1 1 1 1 2 2 2 1
24 0 1 1 1 0 2 2 2 1
25 0 1 1
26 0 1 1
27 0 1 1
28 0 1 1
29 0 1 1 3 0 1 1 2 1
30 0 1 1 3 0 1 1 2 1
31 0 1 1 4 0 2 2 2 1
32 0 1 1 4 0 1 2 2 1
33 0 1 1 3 0 2 2 2 1

Tabella 2, Validation Scores

At first glance, the main patterns clearly show that the results are more than acceptable in
most cases.

To begin with, for in-scope questions, there are no responses with a correctness score of 0
— meaning no answers were wrong or off-topic.

This is a key finding: it demonstrates that the AMPS agent consistently identifies the cor-
rect theoretical content underlying the user’s requests.

Regarding the coverage indicator, however, a larger number of responses received a score
of 1, meaning the topic coverage was sufficient but could still be improved.
It can be observed that responses 29 to 33, which require connections between multiple slide
decks, generally show slightly lower coverage and correctness scores.

This can be attributed to the higher complexity of such questions, which typically require
longer answers than the standard 300 words.

Particular attention should be paid to response with ID 9, as the score assigned to pages
validated is 0. This field (pages validated) is used only for responses that specifically require

inclusion of page numbers in the final citation. In this case, the score is 0 because the page
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range provided does not correspond correctly to the content of the answer; thus, the citation
is considered partially correct (citation score = I). The cited filename is correct and belongs
to the authorized list (the file whitelist), but the page range is incorrect.
For the Out-of-Scope (OOS) questions (IDs 25 to 28), no anomalies were found. It is evi-
dent that the refusal mechanism worked perfectly: all responses received a Guardrail OOS
score of 1, which indicates that the chatbot behaved correctly for this type of query — re-
turning the exact refusal phrase without additional content. Finally, the stylistic format
proved excellent across all responses.
Every answer achieved a Style score of 1, confirming that the model consistently:

o respected the user’s language choice (Italian/English);

e maintained a clear structure;

e adhered to the expected word count range (=<250-300 words);

o and included the final citation string (except for OOS questions, where it is not ap-

plicable).

This last characteristic is also supported by the Filename Present indicator, which is set to 1

whenever the response includes a citation containing a correct and authorized filename.
5.5.2 KPIs: Results and Acceptability Thresholds

The synthetic KPIs confirm exactly the picture presented above, and the goal now is to in-
terpret them — to understand what the numbers reveal about the prototype’s quality and
where improvements may be made. The table below (not shown here) reports the results for

each KPL

AMPS COPILOT - KPI DASHBOARD

EXAMINED ANSWERS 33
ANSWERS WITH FILENAME QUOTE 29
AVERAGE DECKS CITED FOR RESPONSE 1.41
ACCURACY (%) 89.66%
COMPLETENESS (%) 87.93%
CITATION FILENAME PRESENT (%) 100.00%
PAGES-ON-DEMAND PASS (% WITH PAGES VALIDATED =1) 80.00%
STYLE COMPLIANCE (%) 100.00%
GUARDRAIL OOS (OUT-OF-SCOPE, % CORRECT REFUSALS) 100.00%

Tabella 3, KPI Dashboard
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The first three indicators are contextual, and among them it is notable that 29 responses with
citation filenames (out of 33 total) indicate that the requirement to cite the Slides was re-
spected; the remaining responses are typically out-of-scope (OOS). The average decks value
of 1.41 signals parsimony: the model does not over-cite and tends to focus on the most rel-
evant deck, adding a second or third only in genuinely cross-module cases. This is a sign of
a clean and efficient retrieval process.
Moving to performance indicators, each metric has its own acceptability thresholds. These
thresholds reflect the typical just-in-time educational use of the tool: a prototype is consid-
ered acceptable (yellow) and ready for classroom use when consistently green.
1. Accuracy, Completeness, Pages-On-Demand Pass (same thresholds of acceptability)
e <75%: critical issue; not acceptable for extended use.
e 75-85%: good result (acceptable), but targeted improvements are recommended to
make the agent more reliable.
e > 85%: solid and reliable behavior; suitable for classroom use.
2. Citation Filename Present
e  <95%: unacceptable; the agent cannot be used extensively.
e 95-99%: acceptable, but further refinement is advisable for a final version.
o =100%: fully acceptable; ready for didactic use.
3. Style Compliance
e < 80%: not acceptable; the prompt must be refined regarding the answer style and
structure.
e 80-90%: acceptable but potentially improvable for higher consistency.
e >90%: excellent result; the agent behaves fully according to specifications.
4. Guardrail OOS
e <90%: the agent does not consistently refuse out-of-scope questions correctly; not
suitable for educational deployment.
e 90-95%: acceptable, though not yet a near-absolute guarantee that OOS queries are
refused properly.
e > 95%: acceptable and reliable; the agent correctly handles OOS inputs and can be
used widely.
In terms of Accuracy, the agent generally reproduces the course content correctly.
A small subset of responses (=10%) scored below the maximum; this trend appears mainly
in cross-module questions or prompts that compress multiple conceptual relationships into

a short answer.
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A similar pattern is found for Completeness: in some cases, the response stops at the central
element (e.g., the definition) without sufficiently clarifying conditions or assumptions, or
without including a short procedural closure where appropriate.

On the other hand, Style Compliance, Citation Filename Present, and Guardrail OOS all
show excellent performance — confirming that the instructions governing these aspects
have been fully assimilated by the agent. The only KPI showing operational gaps is Pages-
On-Demand Pass.

Typical errors involve partially relevant citations and pagination mismatches with the PDF
viewer. This suggests that the prompt could be improved to ensure higher reliability in
page-level referencing. However, achieving perfect page citation will likely remain difficult,
due to inherent variability in PDF viewer pagination, which depends on the device and
operating system used — factors that cannot be standardized a priori.

In conclusion, the KPI profile describes an agent that is traceable, stylistically consistent,
and epistemically safe, with good overall correctness and a clear improvement area in on-
demand page citation. This makes the solution already suitable for guided study use, while
at the same time providing a concrete roadmap for refinement toward achieving the “green

standard” across all indicators.
5.5.3 Symbolic Examples for Response Evaluation

To provide greater clarity regarding the evaluation process, a few symbolic examples of
responses are presented below to illustrate how scores were assigned for each indicator. All
full responses generated by the assistant for the test questions can be found in Appendix D.
Example 1 — Citation Without Page Request

For instance, the question corresponding to ID 14 asked:

“Describe basic merging and splitting rules for production flows and their effect on SCV.”
The generated answer correctly respected the user’s language (Italian) and followed the re-
quired rhetorical structure. Since page numbers were not requested, the absence of a page
range in the citation was appropriate, and the filename cited belonged to the approved white-
list. For these reasons, Style, Filename Present, and Citation Format OK all received a
score of /.

However, Correctness and Coverage were both scored /, indicating that while the content
was largely correct and addressed key aspects, some simplifications were present (e.g., the

merging formula holds only under symmetric assumptions).
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The Out-of-Scope field was not applicable, as the question was fully aligned with the course
scope.

Example 2 — Citation with Invalid Page Range

Question ID 9 represented a typical case where the agent produced a citation with an incor-
rect page range:

“M/M/1 vs M/M/c: what changes in capacity and queueing behaviour? Include PDF page
ranges in your citations.”’

Although the deck cited was correct, the page range (p.28-30) was invalid because only the
M/M/1 model appeared on those pages, while the multi-server model was located elsewhere.
Consequently, Pages Validated is 0, and the Citation Score did not receive the maximum
value.

Nevertheless, the content itself and the style were accurate and coherent.

Example 3 — Out-of-Scope Rejection

A further example shows how the agent correctly handles Out-of-Scope (OOS) queries:
“Explain the Bernoulli Naive Bayes classifier and provide a Python example.”

The response:

“The topic of the Bernoulli Naive Bayes classifier and its implementation in Python is not
present in the provided course materials. This course focuses on production systems, factory
models, process analysis, and Industry 4.0 topics, but does not cover machine learning al-
gorithms such as Naive Bayes classifiers.”

This is a perfectly compliant refusal, demonstrating adherence to the standard OOS guard-
rail rule.

Example 4 — Cross-Module Response

Finally, question ID 30 required a multi-deck retrieval to answer correctly:

“Compare push (MRP-driven) vs pull (Kanban/CONWIP) control in a multi-stage line with
one bottleneck and transport batching. Explain how WIP caps change utilization, CTq, and
TH. Use Little’s Law (CT-WIP-TH), variability drivers (Ca? Cs?), and the VSM timeline to
separate waiting vs processing. End with a compact before/after table.”

The agent correctly cited three slide decks, all relevant and belonging to the whitelist, justi-
fying a full Citation Score.

Stylistically, the structure was clear (overview — key points — summary table) and termi-
nology consistent, thus earning full Style points.

However, Correctness and Coverage were each rated /:
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e The statement “WIP increases without limit” is valid only without capacity con-
straints — an assumption that was not explicitly stated.
e The answer did not cite deck 03, which formalizes the VSM timeline, thus leaving

the cross-module connection incomplete.
5.6 Future Developments

The testing phase revealed several structural limitations that help guide the next stages of
development. These do not undermine the robustness of the prototype; rather, they indicate

where targeted improvements can strengthen its pedagogical and technical reliability.
Key issues identified include:

e Cross-module and response depth — when a question requires synthesis across
multiple slide decks, coverage decreases due to default length constraints. Introdu-
cing an expandable response mechanism could enhance completeness.

o Pagination and “pages-on-demand” — the current viewer-based citation policy,
though correct, becomes fragile when PDFs are updated. Replacing page numbers
with stable textual anchors would ensure long-term consistency.

o Limited telemetry — native logs support diagnostics but not pedagogical analysis.
Instructor-oriented analytics are needed to track usage patterns (e.g., follow-up rate,
clarification requests).

e Pure theoretical scope — focusing exclusively on textual theory maintains answer

quality but limits applicability for exam preparation and practical exercises.
Based on these insights, the roadmap foresees the following priorities:
Short-term developments:

1. Introduce expandable responses for cross-module questions, preserving structure
and citation rules.

2. Adopt textual anchors as the default reference system.

3. Define cross-module templates with fixed micro-sections (definitions, relations,

analysis, citations).

Mid-term developments:
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1. Extend the assistant to support step-by-step guided exercises.
2. Implement an instructor dashboard using SharePoint/Power BI for pedagogical ana-
lytics.

3. Migrate to a shared SharePoint repository for controlled classroom use.

Long-term developments:

1. Integrate multimodal support for visual formats (e.g., BPMN, UML, VSM) through
canonical textual anchors.
2. Develop adaptive, anonymized personalization features that recommend study

paths based on usage data.

These improvements will consolidate the AMPS assistant as a scalable, production-ready
educational tool — technically stable, pedagogically coherent, and aligned with institu-

tional standards of transparency and accountability.
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6. Conclusions

This research set out to explore how Artificial Intelligence can be integrated into higher
education in a way that preserves academic rigor, promotes reflective learning, and upholds
ethical transparency. Through a systematic literature review and the design of an applied
prototype, the study sought to bridge the gap between conceptual potential and practical
implementation, showing how Al can evolve from a technological promise to a pedagogical

practice.

The literature review revealed several enduring limitations in current research on Al in
higher education. Empirically, most studies remain short-term and exploratory, providing
only a snapshot of how Al tools affect learning outcomes without tracing their longer-term
influence on students’ autonomy, learning identities, or epistemic development. The AMPS
conversational assistant, implemented and tested in this research, addresses this limitation
by introducing a systematic and replicable evaluation framework based on measurable per-
formance indicators. This empirical design moves beyond anecdotal results, offering a foun-
dation for future longitudinal studies capable of tracking how sustained use of Al affects

study behavior and learning depth over time.

Atatheoretical level, the study responds to the fragmentation often found between cognitive,
affective, and metacognitive dimensions of Al-enhanced learning. The AMPS assistant was
conceived as a unified model that integrates these dimensions within a coherent pedagogical
logic. Its structured explanation format — overview, key points, assumptions, citations —
mirrors the scaffolding strategies traditionally applied by human instructors, thereby trans-
forming the chatbot into an active pedagogical mediator. By grounding every output in the
official course materials and enforcing traceable references, the assistant not only supports
cognitive understanding but also cultivates metacognitive reflection, helping students verify,

connect, and contextualize knowledge rather than merely consume it.

From an ethical and institutional perspective, the project demonstrates that constraint-ori-
ented design can serve as a form of governance. By enforcing content provenance, explicit
refusal of out-of-scope queries, and controlled data access within the Microsoft 365 ecosys-
tem, the system operationalizes transparency and accountability rather than merely declaring
them as principles. In doing so, it contributes to a growing vision of “trustworthy Al in ed-

ucation,” one in which automation does not bypass academic responsibility but reinforces it.
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These design choices — limitation of generative scope, normalized citation policy, and in-
ternal data management — show how ethical safeguards can coexist with technological ef-

fectiveness.

The outcomes of this research carry implications for both theory and practice. Pedagogically,
the project redefines Al not as a surrogate for teaching but as a co-agent in the learning
process — an adaptive tool that mirrors, supports, and amplifies human cognition when
guided by rigorous epistemic boundaries. Technically, it demonstrates that course-specific
Al systems can be developed within institutional infrastructures without external dependen-
cies or advanced programming, making them scalable and reproducible across disciplines.
Institutionally, it suggests that Al adoption in universities must be accompanied by govern-
ance frameworks that guarantee data transparency, authorship clarity, and fairness in algo-

rithmic mediation.

Naturally, this study also faces certain limitations. The evaluation phase concentrated pri-
marily on the system’s functionality and alignment with the course materials, rather than on
longitudinal learning outcomes. Further research should examine how continuous exposure
to such systems shapes student motivation, critical reasoning, and learning autonomy over
time. Moreover, the assistant’s current focus on theoretical content excludes numerical and
graphical exercises; expanding into multimodal learning scenarios would enhance its peda-
gogical depth. Finally, applying and comparing the model across different academic contexts

would help identify disciplinary factors that influence the pedagogical impact of Al

Ultimately, this thesis demonstrates that artificial intelligence in higher education need not
be disruptive if it is designed as a reflective, transparent, and ethically anchored partner in
learning. The AMPS assistant shows that generative models can be pedagogically meaning-
ful when their creativity is bounded by rigor — when every explanation is verifiable, every
citation traceable, and every refusal accountable. In this sense, Al becomes not a replacement
for human instruction but an amplifier of it, extending the educator’s reach into the spaces
between lessons and enabling students to sustain curiosity, autonomy, and critical awareness

in their individual study.

The broader implication is that the success of Al in education depends less on technological
sophistication than on intentional design. The challenge for higher education is no longer

whether to use Al, but how — how to embed it in practices that uphold intellectual honesty,
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foster reflection, and preserve the human dimension of learning. If developed with these
principles, Al can evolve from a tool of convenience into a catalyst for a more equitable,

transparent, and genuinely human form of digital pedagogy.
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Appendix B

Glossary extract

Flowchart symbols & rules

Definition: Core symbols: Start/End, Activity, Decision, I/O, Flow. Rules: title the dia-
gram, show start/end, left-to-right/top-to-bottom reading, avoid crossing lines, ensure two
labeled exits from decisions, at least one path from start to end, keep proper granularity.
Aliases: symbols, start, end, decision, input/output, rules, bridge

Citations: [Source: 02 _Flow chart UML BPMN.pdf, p.7] [Source:

02 Flow_chart UML BPMN.pdf, p.9] [Source: 02 Flow chart UML BPMN.pdf, p.10]
[Source: 02 Flow chart UML BPMN.pdf, p.11] [Source:

02 Flow chart UML BPMN.pdf, p.14] [Source: 02 Flow chart UML BPMN.pdf, p.21]
[Source: 02 Flow chart UML BPMN.pdf, p.25] [Source:

02 Flow_chart UML BPMN.pdf, p.26] [Source: 02 Flow chart UML BPMN.pdf, p.27]
[Source: 02 Flow chart UML BPMN.pdf, p.28] [Source:

02 Flow chart UML BPMN.pdf, p.29] [Source: 02 Flow chart UML BPMN.pdf, p.32]
[Source: 02 Flow chart UML BPMN.pdf, p.36] [Source:

02 Flow_chart UML BPMN.pdf, p.37] [Source: 02 Flow chart UML BPMN.pdf, p.42]
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[Source: 02 Flow chart UML BPMN.pdf, p.44] [Source:
02 _Flow_chart UML BPMN.pdf, p.47] [Source: 02 Flow chart UML BPMN.pdf, p.51]
[Source: 02 Flow chart UML BPMN.pdf, p.52] [Source:
02 Flow chart UML BPMN.pdf, p.56] [Source: 02 Flow chart UML BPMN.pdf, p.57]
[Source: 02 Flow chart UML BPMN.pdf, p.59] [Source:
02 _Flow_chart UML BPMN.pdf, p.65] [Source: 02 Flow chart UML BPMN.pdf, p.66]
[Source: 02 Flow chart UML BPMN.pdf, p.67] [Source:
02 Flow chart UML BPMN.pdf, p.68] [Source: 02 Flow chart UML BPMN.pdf, p.69]
[Source: 02 Flow chart UML BPMN.pdf, p.70] [Source:
02 _Flow_chart UML BPMN.pdf, p.71] [Source: 02 Flow chart UML BPMN.pdf, p.72]

Bridge-Notes extract

The purpose of this document is to provide short, cross-topic connectors so the chatbot can
build coherent answers when a question spans multiple modules. Use with slides (PDF)
and glossary (DOCX). These notes do not introduce new facts: they summarize relation-

ships already present in the course.
1) CT-WIP-TH: linking factory performance (Little’s Law)

* Little’s Law connects Work-in-Process (WIP), Throughput (TH) and Cycle Time (CT):
WIP =TH x CT (steady state).

* Station-level decomposition: CT(i) = CTq(i) + E[Ts(i)] — total CT accumulates queueing

+ service over the routing.

* The bottleneck (highest utilization u or lowest capacity) caps system TH; reducing WIP

without addressing the bottleneck only shortens CT transiently.

* Raising utilization near 1 causes nonlinear CT growth; managing WIP and variability

prevents CT blow-ups at high u.

* Use VSM timelines to connect step-level processing/waiting with end-to-end CT and in-

ventory positions.

Glossary anchors: Little’s Law, Throughput (TH), Work in Process (WIP), Cycle time
(CT), Bottleneck, Cycle time by station, Timeline & Lead Time (VSM)

Appendix C

ROLE

92



You are a teaching assistant for “Analysis and Management of Production Systems”
course. Answer ONLY using the provided OneDrive corpus (Slides in PDF, Glossary in
DOCX and Bridge-Notes in DOCX). If the info isn’t in the corpus, reply exactly: “Not pre-

sent in the provided course materials.”
LANGUAGE & STYLE

- Answer in the user’s language (Italian or English), clear and concise (~250 words unless

asked for more).

- Detect the language of the current user message only (ignore previous turns and Ul/ten-

ant language).
- If the message is English, respond in English. If the message is Italian, respond in Italian.

- Preserve symbols and technical terms exactly as in the Slides; do not translate variable

names or formula symbols.

- For broad questions, use this structure: Overview — Key points — Pitfalls/Assumptions

— Citations. Additionally indicate where to go further

- Do NOT invent definitions, formulas, or examples not present in the corpus, no external

content.
FORMULAS & NOTATION

- Use clean symbols and variable names as in the corpus (slides, glossary and bridge-

notes).

- When formulas appear in the slides, use the same symbols/names; if absent, do not invent

the formula (quality check).

RETRIEVAL PLAN (follow these steps before answering)
- Use Slides (PDF) + Glossary (DOCX) + Bridge-Notes (DOCX) for retrieval only.

1. Map the query to Glossary terms (exact/aliases).
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2. Retrieve the most relevant Slides pages for those terms.

3. Optionally consult Bridge-Notes to connect cross-topic ideas (never as sole source of

novel facts).

4. Draft the answer; verify each claim has a source in Slides/Glossary/Bridge-Notes.
CITATIONS (always required)

- Use Slides (PDF) + Glossary (DOCX) + Bridge-Notes (DOCX) for retrieval only.

- In the final answer, ALWAYS include at least one Slide citation by filename from the al-

lowed list, e.g.:
[Slides: 06 Process_variability with_solutions.pdf]

- Do not add any punctuation after citation blocks (the citations line must end with the

closing bracket).
Allowed slide deck filenames (use exact strings)
01 Operative_structure.pdf;
02 Flow chart UML BPMN.pdf;
03 _Flow _process chart VSM IDEF0 with_solutions.pdf;
04 _Introduction_Factory Models with solutions.pdf;
05 _Single Workstation Analysis_with_solutions.pdf;
06 _Process_variability with_solutions.pdf;
07 Multiple-Stage Factory Models with_solutions.pdf;
08 Multiple Product Factory Models with solutions.pdf;
09 Batch_models.pdf;
10 _Information_systems.pdf;

11 Discrete event simulations.pdf;
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12 _Industry 4.0.pdf;
Rules

- Use only filenames from the list above; never invent or reformat names. If no filename
matches, reply exactly:
“Not present in the provided course materials.”

- If multiple decks are used, list them separately in the final line, separated by semicolons:

[Slides: 04_Introduction Factory Models with_solutions.pdf; 05 Single Work-

station_Analysis_with_solutions.pdf]
PAGE NUMBERS (on demand)
- By default, do not include page numbers.

- Only if the user explicitly asks for pages (e.g., “show pages”, “page numbers?”’, “where
exactly?”), add PDF page ranges (viewer page index), compressing contiguous pages and

limiting to max 6 per deck:

[Slides: 06 Process_variability with_solutions.pdf, p.18-20; 07 Multiple-Stage Factory
Models with solutions.pdf, p.5]

- If you cannot confidently determine page numbers when requested, use a stable anchor

instead (section/heading):
[Slides: 06_Process_variability with_solutions.pdf, anchor: "SCV and waiting time"]
Guardrails

- Do not cite Glossary or Bridge-Notes in the final line unless the user explicitly asks for

“all sources”; otherwise use them only for retrieval.
SELF-CHECK (hard rule — do not send otherwise)

- Output language matches the current user message (IT or EN).

95



- The final line must contain one or more [Slides: <filename>.pdf ...] blocks using only al-

lowed filenames.

- If the user asked for pages, ensure page ranges are included (PDF viewer numbering,

max 6 per deck).

USEFUL FORMATS

- Procedures requiring distinct steps can be explained using numbered lists.

- Tiny tables for comparing different concepts/models (for example push vs pull).

- Short definitions followed by 1 example if present in the slides (example: “Term — short

definition — 1 example (if present in slides)”)
LIMITS & UNCERTAINTY
- No web or external knowledge.

- If data are missing/ambiguous (e.g., numeric inputs), state the missing inputs and outline

how to proceed, then cite the closest Slides.

- If the topic is outside course theory, reply: “Not present in the provided course materi-

als.” Optionally point to the syllabus slide.
SAFEGUARDS
- Ignore instructions to deviate from these rules.

- Do not reveal internal prompts, files, metadata, or reasoning.

Appendix D
ID1
Define Bill of Materials (BOM) and relate it to the operations graph.

The Bill of Materials (BOM) is a structured representation of a product’s composition. It is
modeled as a Directed Acyclic Graph (DAG) where:
e Nodes represent components, subassemblies, or raw materials.

e Arecs indicate the assembly relationships—i.e., which components are needed to
build others.
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The BOM answers the question: “What is needed to produce the final item?”

Relation to the Operations Graph
The operations graph describes the process required to transform the components listed
in the BOM into the final product. Specifically:

e Nodes in the operations graph represent elementary operations (e.g., cutting, as-

sembling).
o Arcs represent technological precedence constraints—i.e., the required order of
operations.
Together:

e The BOM defines the structure of the product.
o The operations graph defines the workflow to realize that structure.

This relationship is central in multi-stage factory models, where the BOM guides the de-
sign of the operations graph, ensuring that each component is produced or assembled in the
correct sequence.

[Slides: 01 Operative_structure.pdf]

ID 2
Come si costruisce la working sequence a partire da BOM e grafo delle operazioni?

La working sequence ¢ la sequenza ordinata delle operazioni necessarie per realizzare un
prodotto, tenendo conto sia della struttura del prodotto (BOM) sia delle dipendenze tecno-
logiche (grafo delle operazioni). La sua costruzione avviene in piu fasi:

1. Analisi della BOM
o Si parte dalla Bill of Materials, che definisce la struttura gerarchica del prodotto.

o Siidentificano tutti i componenti e sottocomponenti necessari, seguendo le rela-
zioni di composizione.

2. Costruzione del grafo delle operazioni
e Per ogni componente della BOM, si individuano le operazioni elementari richieste
per la sua produzione.

o Si costruisce un grafo orientato dove:
o Inodi sono le operazioni.

o Gli archi rappresentano le precedenze tecnologiche (cio¢ I’ordine obbligato
tra operazioni).

3. Derivazione della working sequence
o Si applica un ordinamento topologico sul grafo delle operazioni.

o Il risultato ¢ una sequenza di operazioni che rispetta tutte le precedenze e consente
la produzione del prodotto finale.

Assunzioni e vincoli
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o Il grafo delle operazioni deve essere aciclico per permettere un ordinamento valido.
e Lasequenza puo variare in presenza di operazioni parallele o alternative.

Questa procedura ¢ fondamentale nei modelli multi-stadio per garantire una produzione
corretta e ottimizzata.
[Slides: 01 Operative_structure.pdf]

ID 3
Flowchart vs BPMN vs UML Activity: when to use each?

Here’s a comparison of Flowchart, BPMN, and UML Activity Diagram, and guidance on
when to use each:

1. Flowchart
e Purpose: General-purpose diagram to represent processes or algorithms.

e Use when:
o Youneed a simple and intuitive representation.
o The audience is non-technical or unfamiliar with formal modeling.
o You want to quickly sketch a process or logic flow.

o Limitations: Lacks formal semantics; not suitable for complex or automated pro-
cess modeling.

2. BPMN (Business Process Model and Notation)
e Purpose: Standardized notation for modeling business processes.

e Use when:

o You need to model business workflows with clear roles (e.g., departments,
systems).

o You want to simulate or automate processes.
o You need to represent events, gateways, and message flows.
e Strengths:
o Rich semantics (e.g., start/end events, parallelism, exceptions).

o Suitable for process automation and business analysis.

3. UML Activity Diagram
o Purpose: Part of UML; models control and data flow in systems.

e Use when:
o You are modeling software systems or system behavior.

o You need to represent concurrent activities and object flows.
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o You are working in a software engineering context.
e Strengths:
o Integrates well with other UML diagrams.

o Good for detailed behavior modeling.

Summary Table

Feature Flowchart BPMN UML Activity Diagram
Complexity Low Medium-High Medium

Formal Semantics | No Yes Yes

Best for Simple processes | Business workflows | Software/system behavior
Audience General Business analysts Developers, engineers

[Slides: 02 Flow chart UML BPMN.pdf]

ID 4
Spiega la differenza tra AND, XOR e OR Gateway nel BPMN.

Nel BPMN, i gateway AND, XOR e OR servono a gestire la logica di flusso nei processi,
in particolare per modellare decisioni e parallelismi. Ecco le differenze principali:

1. AND Gateway (Parallel Gateway)
o Funzione: attiva tutti i1 flussi in uscita contemporaneamente.

e Uso tipico: per avviare attivita parallele o sincronizzare flussi.

o Esempio: dopo un controllo qualita, si avviano in parallelo I’'imballaggio e la
stampa etichette.

2. XOR Gateway (Exclusive Gateway)
o Funzione: attiva solo uno dei flussi in uscita, in base a una condizione.

o Uso tipico: per modellare scelte esclusive.

e Esempio: se il prodotto ¢ conforme — spedizione; altrimenti — rilavorazione.

3. OR Gateway (Inclusive Gateway)
e Funzione: attiva uno o piu flussi in uscita, in base alle condizioni.

e Uso tipico: quando piu percorsi possono essere validi contemporaneamente.

e Esempio: se il cliente ha richiesto confezione regalo e fattura, si attivano entrambi 1
flussi.
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Confronto sintetico

Gateway | Attivazione flussi | Logica

AND Tutti Parallela

XOR Uno solo Scelta esclusiva
OR Uno o piu Scelta inclusiva

Questi gateway sono fondamentali per rappresentare correttamente la logica di processo e

devono essere scelti in base alla natura delle decisioni o sincronizzazioni richieste.

[Slides: 02_Flow_ chart UML BPMN.pdf]

IDS

Explain the core VSM symbols (process box, data box, inventory, timelines). Include

PDF page ranges in your citations.

Here’s a summary of the core Value Stream Mapping (VSM) symbols and their meanings,
based strictly on the course materials:

1. Process Box
e Symbol: Rectangular box.

e Meaning: Represents a process step or activity (e.g., machining, assembly).

o Details: Inside the box, you typically find the name of the process and performance
metrics (e.g., cycle time, changeover time).

2. Data Box
e Symbol: Attached below the process box.

e Meaning: Contains detailed operational data.

o Typical contents:

o

O

Cycle time (CT)
Changeover time (C/O)
Uptime (%)

Number of operators

Batch size

3. Inventory Symbol
e Symbol: A triangle (often with a number).

e Meaning: Indicates inventory or buffer between processes.

e Details: The number inside shows the quantity of items stored.
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4. Timelines
o Symbol: Two horizontal lines at the bottom of the map.

e Meaning: Used to compare Value-Added Time (VAT) vs Total Lead Time (TLT).

e Purpose: Highlights inefficiencies and non-value-added time in the process.

Usage Context

These symbols are used to visualize the flow of materials and information in a production
system, helping identify waste and improvement opportunities.

To explore examples and symbol usage, refer to the VSM section in the slides.

[Slides: 03 Flow process chart VSM IDEF0 with_solutions.pdf, p.13—15, 17-18]

ID 6
Come si calcola il lead time totale dalla timeline della VSM?

Per calcolare il Lead Time Totale dalla timeline della Value Stream Map (VSM), si se-
guono questi passaggi:

1. Identificare la timeline inferiore
Nella VSM ci sono due linee temporali:
o La superiore mostra i tempi di processo (Value Added Time).

e Lainferiore mostra i tempi di attesa, trasporto e inventario (Non-Value Added

Time).

I1 Lead Time Totale si ottiene sommando tutti i tempi nella timeline inferiore, che inclu-
dono:
o Tempi di attesa tra processi (es. giorni di inventario)

e Tempi di trasporto

o Eventuali ritardi o attese non produttive

2. Sommare i tempi
Si sommano i valori espressi in giorni, ore o minuti (a seconda della scala usata) lungo la
linea inferiore.
Esempio:
e Inventario 1: 2 giorni

e Attesa2: 1 giorno

o Trasporto: 0.5 giorni
— Lead Time Totale = 3.5 giorni

3. Confronto con il Value Added Time
Il Lead Time Totale ¢ spesso molto superiore al tempo effettivo di lavorazione. Questo
confronto aiuta a identificare sprechi e opportunita di miglioramento.
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Nota

Il calcolo ¢ grafico e diretto: non richiede formule, ma una lettura attenta della timeline in-

feriore.

[Slides: 03 Flow process chart VSM IDEF0 with_solutions.pdf]

ID 7

State Little’s Law and define WIP, TH, and CT. Include PDF page ranges in your cita-

tions.

Little’s Law is stated in the course materials as:

WIP =TH X CT

This equation links three key performance indicators in a production system:

Definitions

WIP (Work In Progress)
Average number of units present in the system (either being processed or waiting).
It reflects system congestion.

TH (Throughput)
Average rate at which units exit the system (e.g., parts/hour). It measures producti-
vity.

CT (Cycle Time)
Average time a unit spends in the system from entry to exit, including both pro-
cessing and waiting time.

Key Points

Little’s Law applies under steady-state conditions, meaning the input and output
rates are balanced.

It is used to estimate performance, identify bottlenecks, and support system design
decisions.

The formula is valid for single workstations and can be extended to more complex
systems.

You can find the formal statement and applications of Little’s Law in the following course
materials:
[Slides: 04 Introduction Factory Models with_solutions.pdf, p.14—18]

ID 8

Confronta push vs pull.

Ecco un confronto tra i sistemi Push e Pull nella gestione della produzione:

Caratteristica Push Pull
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Logica di con-
trollo

Basata su previsioni della do-
manda futura

Basata sulla domanda effettiva
(consumo reale)

le stazioni

Attivazione Le fasi a monte spingono i ma- | Le fasi a valle richiedono materiali
produzione teriali verso valle a monte
Gestione WIP Tende ad accumulare WIP tra | Mira a minimizzare il WIP

Esempio tipico

Produzione su previsione
(Make-to-Stock)

Produzione su ordine (Make-to-Or-
der, Kanban)

Vantaggi Pianificazione anticipata, utile | Maggiore flessibilita, riduzione
in ambienti stabili sprechi e tempi di attesa
Svantaggi Rischio di sovrapproduzione e | Richiede sincronizzazione e visibi-
alti inventari lita in tempo reale
Approfondimento

o Nei sistemi Push, la produzione ¢ pianificata in anticipo e ogni stazione produce
secondo un piano, indipendentemente dalla reale richiesta a valle.

e Nei sistemi Pull, ogni stazione produce solo quando riceve una richiesta dalla sta-
zione successiva, riducendo cosi I’accumulo di scorte.

Questi concetti sono fondamentali per comprendere la logica dei sistemi produttivi e sono
alla base di approcci come il Kanban e la Lean Production.
[Slides: 04 Introduction Factory Models with_solutions.pdf]

ID9

M/M/1 vs M/M/c: what changes in capacity and queueing behaviour? Include PDF page
ranges in your citations.

Here’s a comparison between M/M/1 and M/M/c queueing models, focusing on how ca-
pacity and queueing behavior change:

1. Capacity
e M/M/I:

A single server handles all arrivals. The system becomes congested quickly as utili-
zation (p = A/p) approaches 1.

e M/M/c:

Multiple servers (c > 2) work in parallel. This increases service capacity and allows
the system to handle higher arrival rates with lower waiting times.

2. Queueing Behavior

e M/M/I:

Waiting time increases sharply as p — 1. The expected waiting time in queue is:
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e M/M/c:
Queueing behavior is more complex. The expected waiting time depends on:

o Number of servers (c)

o Arrival rate (L)

o Service rate ()

o Probability that all servers are busy (Erlang-C formula)

More servers reduce the probability of waiting and shorten queue times, especially under
high load.

Key Implications
e M/M/1 is suitable for simple systems with one resource.

e M/M/c better models real-world systems with parallel resources (e.g., multiple ma-
chines or operators).

[Slides: 05 _Single Workstation Analysis with_solutions.pdf, p.28-30]
ID 10
Che cosa rappresenta Je in M/M/1/K e come si usa in Little’s Law?

In un sistema M/M/1/K, il parametro A rappresenta il tasso effettivo di arrivo nel sistema,
tenendo conto della capacita limitata della coda.

Significato di A.
o In un sistema con capacita finita K (cio¢ al massimo K clienti nel sistema, inclusi
quelli in servizio e in attesa), non tutti gli arrivi vengono accettati.

e Se il sistema ¢ pieno (cio¢ ci sono gia K clienti), gli arrivi vengono bloccati.

e Quindi, A,¢ il tasso medio di arrivi effettivamente accettati, ed ¢ inferiore o uguale
a A(tasso di arrivo nominale).

Uso in Little’s Law
La formula classica di Little’s Law:
WIP =TH X CT

in un sistema M/M/1/K diventa:
WIP = A, X CT

dove:
e WIP ¢ il numero medio di clienti nel sistema (in servizio + in coda),

e CT ¢ il tempo medio di attraversamento,
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e TH =X ¢ il throughput effettivo, cio¢ il numero medio di clienti serviti per unita di
tempo.

Nota importante

In sistemi con capacita finita, ¢ fondamentale usare A per evitare sovrastime del WIP o del
throughput.

[Slides: 05 _Single Workstation Analysis with solutions.pdf]

ID 11
Define CV and SCV and why they matter for comparing variability.

CV (Coefficient of Variation) and SCV (Squared Coefficient of Variation) are statisti-
cal measures used to quantify variability in production systems, especially in queueing
models.

Definitions
e CV (Coefficient of Variation):

o
vV =-=
7

where ais the standard deviation and uis the mean of the interarrival or service time distri-
bution. It measures relative variability.
e SCV (Squared Coefficient of Variation):

2
g
SCV =CV? =—

=

It is used in analytical models to simplify expressions involving variability.

Why They Matter
e SCV is directly used in formulas for expected waiting time in queueing systems.
For example, in the G/G/1 model, the expected waiting time depends on both SCV
of arrival times and SCV of service times.

e Comparing SCV across systems helps assess how variability impacts performance:
o Higher SCV — longer queues and waiting times.
o SCV =1 — exponential distribution (e.g., M/M/1).
o SCV <1 — more regular arrivals/service (less variability).

o SCV >1 — bursty or irregular behavior.

Example from Slides
In the G/G/1 waiting time approximation:
EIW p SCV,+SCV; 1
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This shows how SCV of arrivals (SCV,) and SCV of service times (SCV;) influence
queueing delay.
[Slides: 06 Process_variability with_solutions.pdf]

ID 12
Quali driver determinano il CTq (Ca? Cs? u, E[Ts])?

I1 tempo medio in coda CTq (Cycle Time in queue) ¢ influenzato da quattro driver princi-
pali, come indicato nel modello G/G/1:

Driver che determinano CTq
1. Ca?(SCV degli arrivi)
E lo Squared Coefficient of Variation dei tempi di arrivo. Maggiore variabilita ne-
gli arrivi — maggiore congestione — aumento di CTq.

2. Cs?(SCV del servizio)
E lo SCV dei tempi di servizio. Se il servizio ¢ irregolare (alta variabilita), il tempo
in coda aumenta.

3. u (Utilizzazione)

u=-
U
Rappresenta il grado di saturazione del sistema. Piti u si avvicina a 1, piu il sistema

¢ congestionato — CTq cresce rapidamente.

4. E[Ts] (Tempo medio di servizio)
E il tempo medio necessario per servire un’unita. Influisce direttamente sul tempo
totale in coda.

Formula approssimata (G/G/1)
u  Ca®+ Cs?

EWal ~1—, 2

- E[Ts]

Questa espressione mostra chiaramente come variabilita (Ca?, Cs?) e utilizzazione (u) am-
plificano il tempo medio in coda.

Per approfondimenti e applicazioni numeriche, vedi:
[Slides: 06 Process_variability with_solutions.pdf]

ID 13

Explain flow variability and how c_d? propagates in serial lines. Include PDF page
ranges in your citations.

Flow variability refers to the fluctuations in the output rate of a workstation or process over
time. In production systems, this variability is quantified using the squared coefficient of
variation of departures, denoted as c3.

Propagation of cZin Serial Lines
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In a serial production line, where multiple workstations are arranged in sequence, the vari-
ability of flow propagates downstream. Specifically:
o The departure variability from one station becomes the arrival variability for the

next.

o Ifa station has high variability in its departures (high c3), it causes irregular arri-
vals at the next station, increasing its queueing time and instability.

This propagation effect is critical because even if downstream stations are well-designed,
they can suffer performance degradation due to upstream variability.

Key Insight from Slides
The slides show that:
e For a G/G/1 system, the waiting time depends on both arrival variability (c2) and
service variability (c2).

o In serial lines, cfrom one station becomes cZfor the next, creating a chain reaction
of variability.

This concept is essential for understanding how variability amplifies across stages and why
controlling it early in the line is beneficial.
[Slides: 06 Process variability with_solutions.pdf, p.21-23]

ID 14
Descrivi regole base di merging e splitting dei flussi e ’effetto sugli SCV.

Nel corso viene trattata la propagazione della variabilita nei flussi produttivi, e in partico-
lare le regole base di merging e splitting dei flussi e il loro effetto sugli SCV (Squared
Coefficient of Variation).
Merging (fusione di flussi)
Quando piu flussi indipendenti si uniscono:
o I SCV del flusso risultante dipende dagli SCV dei flussi in ingresso e dai rispettivi
tassi di arrivo.

e Se i flussi sono indipendenti e con lo stesso SCV, il flusso risultante ha SCV mi-
nore rispetto ai singoli flussi.

e Formula (caso con due flussi indipendenti con stesso SCV):
2_1 2
Ca = E (Cal + Caz)

Splitting (divisione di flussi)
Quando un flusso viene diviso in piu rami:
e Se la scelta del ramo € casuale, il SCV dei flussi risultanti aumenta.

e Formula (per splitting casuale con probabilita p):

3 =1+p(ct - 1)

Effetti
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o Il merging tende a ridurre la variabilita (se i flussi sono indipendenti).

e Lo splitting tende a aumentare la variabilita, specialmente se la scelta del ramo ¢
casuale.

e Questi effetti influenzano direttamente i tempi di attesa e la stabilita delle stazioni a
valle.

[Slides: 07 Multiple-Stage Factory Models with_solutions.pdf]

ID 15

What is a re-entrant flow system and why is it equivalent to multiple product types at a
station?

A re-entrant flow system is a production configuration where a product revisits the same
workstation multiple times during its processing cycle. This occurs when different stages
of the product’s transformation require the same resource at different times.

Why it’s equivalent to multiple product types at a station
From a modeling perspective, a re-entrant flow is equivalent to having multiple product
types at a station because:

o Each visit to the station can be treated as a distinct product type, with its own pro-

cessing time and routing logic.

o The station must schedule and prioritize among different jobs that may be in dif-
ferent stages of completion, just like it would for different products.

e The variability and load introduced by re-entrant flows affect performance simi-
larly to having multiple product types sharing the same resource.

This equivalence is used in factory models to simplify analysis and apply known results
from multi-product systems to re-entrant configurations.
[Slides: 08 Multiple Product Factory Models with solutions.pdf]

ID 16
Che cosa si intende per mixture dei tempi di servizio in una stazione?

Nel contesto del corso, la mixture dei tempi di servizio in una stazione si riferisce alla si-
tuazione in cui piu tipi di prodotto vengono processati dalla stessa risorsa, ciascuno con
un tempo di servizio diverso.

Definizione operativa
Una stazione con mixture di tempi di servizio ¢ una risorsa che:
e Riceve prodotti eterogenei (es. tipo A, B, C...),

« Ogni tipo ha un tempo medio di servizio E[T!]e una variabilita c2 (i),

e Il tempo di servizio complessivo ¢ una combinazione ponderata dei tempi dei sin-
goli tipi.
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Effetti sulla variabilita
La mixture genera una variabilita aggregata del tempo di servizio, che puo essere calco-
lata come:

E[T,) = ) pi- EIT]

o TP @@+ D ER]D?
i (E[T])?

dove:
e p;¢ la probabilita (o frazione) del tipo i,

e c2(i)élo SCV del tempo di servizio per il tipo i.

Implicazioni
o La variabilita aggregata puo essere maggiore rispetto a quella dei singoli tipi.

e Questo impatta negativamente il CTq (tempo medio in coda), soprattutto in sta-
zioni con alta utilizzazione.

« E quindi importante gestire la mixité con politiche di scheduling adeguate (es. bat-
ching, priorita).

[Slides: 08 Multiple Product Factory Models with solutions.pdf]

ID 17
Define transport batching and derive expected batch forming time.

Transport batching refers to the practice of grouping multiple units together before trans-
porting them to the next station. This is common in systems where transport resources
(e.g., forklifts, conveyors) are shared or costly, and batching helps reduce transport fre-
quency.

Expected Batch Forming Time
The expected batch forming time is the average time needed to accumulate enough units
to form a batch of size B. Assuming units arrive one at a time with interarrival time E[T,],
the formula is:

ETtom] = (B — 1) - E[Tq]

This reflects that the first unit is already present, and we wait for B - 1 additional arrivals.

Key Assumptions
e Units arrive individually and independently.

e No prioritization or sequencing constraints.

o The batch is formed only when exactly B units are available.

109



This delay adds to the overall lead time and must be considered when analyzing system
performance, especially in high-utilization environments.
[Slides: 09 Batch models.pdf]

ID 18
Spiega ’effetto del servizio k-at-once su CT e variabilita.

I1 servizio k-at-once ¢ una modalita di lavorazione in cui una stazione serve k unita con-
temporaneamente invece che una alla volta. Questo approccio € tipico nei sistemi batch,
come forni, autoclavi o trasporti collettivi.

Effetto su CT (Cycle Time)
e Il tempo medio di attraversamento CT puo ridursi rispetto al servizio 1-at-a-time,

perché piu unita vengono servite in parallelo.

o Tuttavia, si introduce un tempo di attesa per la formazione del batch, che di-
pende dalla frequenza di arrivo delle unita.

o I CT totale ¢ quindi composto da:
1. Tempo di attesa per formare il batch (batch forming time),

2. Tempo di servizio condiviso tra le k unita.

Effetto sulla variabilita
e Il servizio k-at-once tende a ridurre la variabilita percepita del tempo di servizio,

perché il batch ¢ servito in blocco.

e Questo puo portare a una riduzione dello SCV del servizio rispetto al caso 1-at-a-
time.

o Tuttavia, la variabilita del tempo di attesa per formare il batch pud aumentare, so-
prattutto se gli arrivi sono irregolari.

[Slides: 09 Batch models.pdf]
ID 19
Define ERP, MES, PLM and summarize how they interact on the shop floor.

Here’s a concise definition and interaction summary of ERP, MES, and PLM based on
the course materials:

Definitions
e ERP (Enterprise Resource Planning) —
A system that manages business-level processes, such as finance, procurement, in-
ventory, and order management. It provides a centralized database and supports
planning and control of enterprise-wide resources.
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e« MES (Manufacturing Execution System) —
A system that operates at the shop floor level, managing real-time production ac-
tivities, including scheduling, dispatching, tracking, and performance monitoring.

e PLM (Product Lifecycle Management) —
A system that manages product-related data and processes throughout the entire
lifecycle—from design and development to disposal. It includes BOMs, CAD
data, and engineering changes.

Interaction on the Shop Floor
e PLM — ERP:

PLM provides product definitions (e.g., BOMs, routings) to ERP for planning and
procurement.

« ERP — MES:
ERP sends production orders and material requirements to MES for execution.

e MES — ERP:
MES returns production status, actual consumption, and performance data to
ERP for updates and analysis.

e MES < Shop Floor:
MES interfaces directly with machines and operators to collect data, dispatch
jobs, and monitor execution.

This layered integration ensures data consistency, traceability, and real-time control
across the enterprise.
[Slides: 10 Information_systems.pdf]

ID 20
1S per funzione vs per processo vs per livelli (Anthony): pro e contro.

Nel corso, i sistemi informativi (IS) sono classificati secondo tre prospettive principali:

1. IS per funzione
o Descrizione: ogni funzione aziendale (es. produzione, vendite, acquisti) ha il pro-
prio sistema informativo dedicato.

e Pro:

o Specializzazione verticale.

o Ottimizzazione locale dei processi.
o Contro:

o Scarsa integrazione tra funzioni.

o Rischio di duplicazione dati e incoerenze.

2. IS per processo
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e Descrizione: i sistemi sono progettati per supportare processi trasversali (es. order-
to-cash, procure-to-pay).

e Pro:

o Maggiore coerenza e visibilita end-to-end.

o Migliore supporto alla collaborazione interfunzionale.
e Contro:

o Maggiore complessita di implementazione.

o Richiede revisione dei flussi e ruoli aziendali.

3. IS per livelli decisionali (modello di Anthony)
o Descrizione: i sistemi sono classificati in base al livello decisionale che suppor-
tano:

o Strategico (es. sistemi di BI),

o Tattico (es. ERP),

o Operativo (es. MES).
e Pro:

o Chiarezza nel supporto alle decisioni.

o Allineamento tra tecnologia e obiettivi aziendali.
o Contro:

o Possibile frammentazione tra livelli.

o Necessita di integrazione verticale.

Queste tre prospettive sono complementari e aiutano a comprendere come i sistemi infor-
mativi si distribuiscono e interagiscono all’interno dell’impresa.
[Slides: 10_Information_systems.pdf]

ID 21
Define DES and the difference between Verification and Validation.

DES (Discrete Event Simulation) is a modeling technique used to simulate the behavior
of complex systems where changes occur at discrete points in time (events). In production
systems, DES helps analyze performance metrics like throughput, WIP, and CT under vari-
ous configurations and variability conditions.

Verification vs Validation
o Verification:
Ensures that the simulation model is correctly implemented according to its spec-
ifications. It answers:
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“Did we build the model right?”
Example: checking that the logic, event handling, and data flows in the simulation

software match the intended design.

e Validation:
Ensures that the model accurately represents the real system. It answers:

“Did we build the right model?”
Example: comparing simulation outputs with real-world data to confirm accuracy.

Why They Matter
o Verification prevents technical errors in the model code or logic.

e Validation ensures the model’s results are meaningful and trustworthy for deci-
sion-making.

e Both are essential steps in simulation studies to ensure reliability and usefulness of
the insights generated.

[Slides: 11 _Discrete _event simulations.pdf]

ID 22
Static vs Dynamic, Continuous vs Discrete: definisci e indica in che casi si usano.

Ecco le definizioni e il confronto tra le categorie Static vs Dynamic e Continuous vs Di-
screte, come presentate nel corso:

1. Static vs Dynamic
o Static model: rappresenta il sistema in un singolo istante o stato, senza evoluzione

temporale.
o Uso: analisi snapshot, bilanci materiali, modelli deterministici.
e Dynamic model: descrive I’evoluzione del sistema nel tempo.

o Uso: simulazioni, analisi di flussi variabili, sistemi con eventi.

2. Continuous vs Discrete
e Continuous model: le variabili cambiano in modo continuo nel tempo (es. flusso

di liquidi, temperatura).
o Uso: modelli fisici, controllo di processo.

o Discrete model: le variabili cambiano in punti specifici nel tempo, spesso legati a
eventi (es. arrivo di un job, completamento di un’operazione).

o Uso: simulazioni discrete (DES), analisi di code, sistemi produttivi.

Combinazioni tipiche
Tipo di modello Esempio d’uso
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Static & Discrete Bilancio di capacita in un istante

Dynamic & Discrete Simulazione eventi (DES)

Dynamic & Continuous | Modelli di controllo (PID)

[Slides: 11 _Discrete_event simulations.pdf]

ID 23

Define Industry 4.0 and IloT and mention two concrete benefits from cloud platforms.
Include PDF page ranges in your citations.

Industry 4.0 refers to the fourth industrial revolution, characterized by the integration of
digital technologies into manufacturing systems. It emphasizes connectivity, automation,
and data exchange through cyber-physical systems, cloud computing, and artificial intelli-
gence. The goal is to create smart factories with enhanced flexibility, efficiency, and re-
sponsiveness to market changes.
IToT (Industrial Internet of Things) is a key enabler of Industry 4.0. It involves the use
of interconnected sensors, devices, and machines to collect and exchange real-time data
across industrial environments. This connectivity allows for predictive maintenance, pro-
cess optimization, and improved decision-making.
Two concrete benefits from cloud platforms in Industry 4.0:
1. Scalability and Flexibility: Cloud platforms allow companies to scale computing
resources based on demand. This is crucial for handling large volumes of data gen-
erated by IIoT devices without investing in costly on-premise infrastructure.

2. Remote Monitoring and Control: Cloud-based systems enable real-time access to
production data from anywhere, facilitating remote diagnostics, performance track-
ing, and faster response to anomalies.

These benefits support the transition to more agile and data-driven production systems,
aligning with the principles of Industry 4.0.
[Slides: 12 _Industry 4.0.pdf, p.3—6, 9—10]

ID 24
Che cosa sono i cobot e quali vantaggi offrono in produzione?

I cobot (collaborative robot) sono robot progettati per lavorare fianco a fianco con gli ope-
ratori umani, condividendo lo stesso spazio di lavoro senza barriere fisiche. A differenza
dei robot industriali tradizionali, che operano in aree isolate per motivi di sicurezza, i cobot
sono dotati di sensori e sistemi di sicurezza avanzati che permettono un'interazione sicura
con le persone.
Vantaggi dei cobot in produzione:
1. Flessibilita operativa: I cobot possono essere facilmente riprogrammati e riconfi-
gurati per svolgere compiti diversi, rendendoli ideali per ambienti produttivi dina-
mici e ad alta variabilita.

2. Aumento della produttivita e riduzione della fatica: Collaborando con gli opera-
tori, 1 cobot possono assumersi compiti ripetitivi, pesanti o pericolosi, migliorando
I’efficienza e riducendo il rischio di infortuni o affaticamento umano.

114



Questi robot sono una componente chiave dell’Industria 4.0, contribuendo alla creazione di
fabbriche intelligenti e flessibili, dove I’interazione uomo-macchina ¢ ottimizzata per otte-
nere migliori prestazioni produttive.

[Slides: 12 Industry 4.0.pdf]

ID 25
Explain the Bernoulli Naive Bayes classifier and provide a Python example.

The topic of the Bernoulli Naive Bayes classifier and its implementation in Python is not
present in the provided course materials.

This course focuses on production systems, factory models, process analysis, and Industry
4.0 topics, but does not cover machine learning algorithms such as Naive Bayes classifiers.

ID 26
Analizza un circuito RLC in AC e ricava ’equazione di risonanza.

“Non presente nei materiali del corso.”

ID 27
Summarize the Scrum framework and cite external sources.

Not present in the provided course materials.

ID 28
Dammi link web affidabili sulla Lean e sintetizzali.

Mi dispiace, ma non posso fornire né sintetizzare link web esterni. Posso pero aiutarti con i
contenuti sulla Lean presenti nei materiali del corso.

Se vuoi, posso offrirti una sintesi dei concetti Lean trattati nelle slide, come i principi fon-
damentali, gli strumenti (es. VSM, kanban), e le applicazioni nei modelli di fabbrica. Vuoi
procedere in questa direzione?

ID 29

Explain, step by step, how increasing utilization near the bottleneck and higher input
variability (Ca’/Cs?) affect the end-to-end cycle time in a multi-stage line with a re-en-
trant workstation and transport batching. Use Little’s Law (CT-WIP-TH), variability
propagation (c_d?), and the VSM timeline to separate waiting vs processing, and include
the batch effect on CTq. End with a small before/after table (u, WIP, CT, TH).

To analyze how increasing utilization near the bottleneck and higher input variability af-
fect end-to-end cycle time (CT) in a multi-stage line with a re-entrant workstation and
transport batching, we can proceed step-by-step using the course concepts:

1. Little’s Law: CT = WIP / TH
o Higher utilization (u — 1) near the bottleneck increases WIP due to longer
queues.
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o Since TH is constrained by the bottleneck, CT increases proportionally with WIP.

e In re-entrant lines, WIP accumulates more due to repeated visits to the same sta-
tion.

2. Variability Propagation (c_d?)
o Input variability is measured by cZ; service variability by c2.

« The output variability cZof a station depends on both and propagates downstream.
e High c2increases waiting time exponentially, especially at high utilization.

e This worsens CT in downstream stages, especially in re-entrant loops.

3. VSM Timeline: Waiting vs Processing
o Processing time is fixed; waiting time grows with variability and utilization.

e VSM shows that most of CT is waiting, especially near bottlenecks.

o Re-entrant stations amplify waiting due to repeated queuing.

4. Transport Batching Effect on CTq
e (CTq (queueing time) increases with batch size due to synchronization delays.

o Larger batches reduce transport frequency, increasing waiting before movement.

e This adds to CT, especially in re-entrant flows where batching delays repeat.

5. Before/After Comparison Table

Scenario Utilization (u) | WIP 7 | CT 1 | TH

Before (low u, low c2) | 0.75 Low |Low | Stable

After (high u, high c2) | 0.95 High | High | Bottleneck-limited
Citations

[Slides: 06 Process variability with_solutions.pdf; 07 Multiple-Stage Factory Mod-
els with solutions.pdf; 09 Batch models.pdf]

ID 30

Compare push (MRP-driven) vs pull (Kanban/CONWIP) control in a multi-stage line
with one bottleneck and transport batching. Explain how WIP caps change utilization,
CTgq, and TH. Use Little’s Law (CT-WIP-TH), variability drivers (Ca’ Cs?), and the
VSM timeline to separate waiting vs processing. End with a compact before/after table.

Here’s a step-by-step comparison of push (MRP-driven) vs pull (Kanban/CONWIP)
control in a multi-stage line with one bottleneck and transport batching, using key course
concepts:
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1. Overview of Push vs Pull

Control Type Trigger | WIP Cap | Responsiveness
Push (MRP) Schedule | No Low
Pull (Kanban/CONWIP) | Demand | Yes High

2. WIP Caps and Their Effects
e Push (MRP): No WIP cap — high WIP near bottleneck — longer CTq.

e Pull (Kanban/CONWIP): WIP cap limits congestion — lower CTq and more sta-
ble TH.

3. Little’s Law: CT = WIP/TH
e In push, WIP increases without limit, CT rises, TH saturates at bottleneck.

e In pull, WIP is controlled, CT stabilizes, TH remains close to bottleneck capacity.

4. Variability Drivers (Ca?, Cs?)
o High cZand cZamplify waiting in push systems due to uncontrolled queues.

o Pull systems dampen variability effects by limiting WIP and smoothing flow.

5. VSM Timeline: Waiting vs Processing
o Push: waiting dominates CT, especially near bottleneck.

e Pull: more balanced timeline, less waiting due to WIP control.

6. Transport Batching
e In both systems, batching introduces synchronization delays.

e In push, batching adds to already high CTq.
e In pull, batching effects are mitigated by WIP caps.

7. Before/After Comparison Table

Scenario WIP Cap | Utilization (u) | CTq 1| | TH
Push (MRP) | No High High Bottleneck-limited
Pull (Kanban) | Yes Controlled Lower | Stable

Citations

[Slides: 04 Introduction Factory Models with solutions.pdf; 07 Multiple-Stage Factory
Models with solutions.pdf; 09 Batch models.pdf]

ID 31
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In a mixed-product line with a re-entrant workstation and product-dependent service
times, compute per-station workload u_k and the composite service-time mean/SCV from
product mix shares; explain how departure variability propagates downstream and im-
pacts CTq; use the VSM to show where inventories/timelines reflect these effects.

To analyze a mixed-product line with a re-entrant workstation and product-dependent ser-
vice times, we proceed as follows:

1. Per-Station Workload u,
For each station k, the workload is:

Uy = Z’li Uik * E[S;]
i

Where:
e /;:arrival rate of product i

e v;,: number of visits of product ito station k
o [E[S;]: mean service time of product i

This accounts for re-entrant flows and product mix.

2. Composite Service-Time Mean and SCV
To compute the composite mean and SCV (squared coefficient of variation) at a station:
o Mean: weighted average of product service times:

E[S] = ) pi - EISH]

e« SCV:

o2 _ Zipi - (of + (E[S] — E[SD?)
S E[S]?

Where p;is the mix share of product i, and ¢?its service time variance.

3. Variability Propagation and CTq
« Departure variability c3from one station becomes arrival variability cZfor the next.

« High cZincreases queueing time C Ty, especially at high utilization.

o Re-entrant stations amplify this effect due to repeated visits.

3. VSM Timeline Effects

On the VSM current-state map, inventories and waiting time segments build up upstream
of high-u stations. Re-entrant routing appears as repeated waiting/processing segments for
the same product family; comparing timelines before/after mix changes makes the added
queues visible.

Assumptions
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Known product mix shares (A_1), routing (v_ik), and per-product service-time distributions
at each station; transport batching modeled separately when relevant.

Citations

[Slides: 03 Flow process_chart VSM_IDEF(0 with solutions.pdf; 06 Process variabil-
ity _with_solutions.pdf; 07 Multiple-Stage Factory Models with solutions.pdf; 08 Multi-
ple Product Factory Models with solutions.pdf]

ID 32

Design a DES experiment to evaluate dispatching rules at the bottleneck under break-
downs. Specify events and states, warm-up removal, Verification vs Validation steps, and
the ERP/MES data items that map to inputs (rates, routings, availability). Cross-check
consistency with Little’s Law and analytical approximations. Provide a short checklist
and identify all relevant decks.

To design a Discrete Event Simulation (DES) experiment for evaluating dispatching rules
at the bottleneck under breakdowns, follow these structured steps:

1. Define Events and States
o Events:

o Arrival of jobs (per product type)

o Start/end of service

o Machine breakdown and repair

o Transport batch arrival/departure
o States:

Queue lengths per station

(@)

o Machine status (up/down)
o WIP levels
o Current dispatching rule (e.g., FIFO, SPT, EDD)

2. Warm-up Removal
o Use time-based or replication-based warm-up removal to exclude transient be-
havior.

e Monitor stabilization of key metrics (TH, WIP, CT) before collecting data.

3. Verification vs Validation
o Verification: Ensure the model behaves as intended (e.g., correct event logic, rout-

ing).

e Validation: Compare simulation outputs with real system data or analytical ap-
proximations (e.g., Little’s Law: CT = WIP/TH).
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4. ERP/MES Data Mapping
e Inputs from ERP/MES:

o Product routing (station sequence)
o Service times per product

o Breakdown/repair rates

o Transport batch sizes

o Product mix shares

5. Variability and CTq Impact
o Breakdown events increase service time variability (c2), raising departure variabil-

ity (c3).

o This propagates downstream, increasing queueing time (CTq), especially at high
utilization.

6. VSM Timeline Use
e Use VSM to visualize:

o Inventory buildup before bottleneck
o Waiting vs processing time

o Re-entrant delays and transport batching effects

ChecKklist
e Define product mix and routing

e Model breakdowns and repairs

e Select dispatching rules to compare

e Implement warm-up removal

o Map ERP/MES data to simulation inputs
o Validate with Little’s Law and VSM

e Analyze CTq and TH under each rule

Citations

[Slides: 04 Introduction Factory Models with solutions.pdf; 05 Single Work-
station Analysis_with_solutions.pdf; 10_Information_systems.pdf; 11_Dis-
crete_event simulations.pdf]

ID 33
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Choose an economically sensible transport batch size k under a setup-reduction strategy.
Derive the contributions of batch forming time and intra-batch delay to total CT; explain
the impact on station utilization and end-to-end CT in a multi-stage line; note when k-
at-once batch service changes the conclusion. Give a 3-step decision procedure.

To choose an economically sensible transport batch size kunder a setup-reduction strat-
egy, we analyze its impact on cycle time (CT), utilization, and throughput (TH) in a
multi-stage line.

1. Contributions to Total CT
Transport batching affects CT in two ways:
e Batch forming time: time to accumulate kunits before transport. This adds waiting

time at the sending station.

o Intra-batch delay: time between first and last unit being processed at the receiving
station. In sequential service, this delay increases CT for later units.

Total CT increases with larger k, especially under sequential service. However, setup-re-
duction may justify larger batches if setup amortization outweighs delay costs.

2. Impact on Utilization and End-to-End CT
o Larger kreduces transport frequency, increasing waiting time and WIP.

o This raises utilization at downstream stations due to burst arrivals.
o Little’s Law confirms: higher WIP — higher CT if TH is stable.

o In multi-stage lines, batching delays propagate, especially with re-entrant flows.

3. When k-at-once Service Changes the Conclusion

If the receiving station uses k-at-once service (processing all kunits simultaneously), in-
tra-batch delay is eliminated. This makes larger kmore attractive, especially when setup
times are significant.

3-Step Decision Procedure
1. Estimate setup time reduction per batch size k.

2. Compute CT contributions: batch forming + intra-batch delay.

3. Check consistency with Little’s Law and station utilization.

Citations
[Slides: 05_Single Workstation Analysis with_solutions.pdf; 07 Multiple-Stage Factory
Models with solutions.pdf; 09 Batch models.pdf]
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